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ABSTRACT

The rapid advancement of Large Language Model (LLM)-driven Graphical User
Interface (GUI) agents is significantly hampered by the profound limitations of
existing evaluation benchmarks in terms of accuracy, reproducibility, and scala-
bility. To address this critical gap, we introduce Natural GAIA, a novel benchmark
engineered on the principle of Causal Pathways. This design paradigm structures
complex tasks into a series of programmatically verifiable atomic steps, ensuring
a rigorous, fully automated, and reproducible standard for assessment. Concur-
rently, to mitigate the inherent capability deficits of agents, we developed Light-
Manus, a hierarchical agent architecture specifically optimized for long-horizon
tasks. We leveraged this agent to generate a high-quality, human-verified tra-
jectory dataset that uniquely captures diverse and even self-correcting interaction
patterns of LLMs. We then utilized this dataset to perform Reinforcement Fine-
Tuning (RFT) on the Qwen2.5-VL-7B model. Our experiments reveal that Nat-
ural GAIA presents a formidable challenge to current state-of-the-art LLMs; even
the top-performing Claude-sonnet-4 achieved a Weighted Pathway Success Rate
(WPSR) of only 34.6%. Moreover, while RFT substantially improved the smaller
model’s GUI execution capabilities (WPSR increased from 3.3% to 10.8%), its
performance degraded sharply when handling complex scenarios. This outcome
highlights the inherent capability ceiling of smaller models when faced with com-
prehensive tasks that integrate perception, decision-making, and execution. This
research contributes a rigorous evaluation standard and a high-quality dataset to
the community, aiming to guide the future development of GUI agents.

1 INTRODUCTION

The emergence of LLM-driven GUI agents (DeepSeek-Al et al., 2025; OpenAl et al., [2024b; |Qwen
et al., [2025) represents a significant advance over traditional automation (Yang et al.l 2023} [Zhang
et al} 2023} Tang et al.| [2025; [Liu et al., 2025a}; Durante et al., |2024)), yet their progress is difficult
to assess due to severe limitations in existing benchmarks. Current evaluation methods often rely
on ambiguous final-state verification, which depends on fallible MLLMs (Bai et al., 2023; OpenAl
et al.| 2024a)) and costly manual checks, thus compromising the scalability, reproducibility, and au-
tomation of evaluations (Mialon et al.l [2023; Rawles et al., |2024). Moreover, these benchmarks
inadequately measure performance on long-horizon tasks and fail to consider diverse valid solu-
tion paths, resulting in insufficient evaluation comprehensiveness (Liu et al., 2023} [Li et al.,|2025a;
Chezelles et al., [2025)).

Concurrently, these agents exhibit significant deficits in handling complex, real-world workflows, a
problem exacerbated by prevailing learning paradigms (Koh et al.| 2024b; Xu et al.| 2024). Agents
trained on successful execution traces [Wang et al. (2025); Jiang et al.| (2025); Qiu et al.[ (2025)
tend to form rigid “shortcut” strategies. While effective for repeated tasks in static environments,
this approach leads to poor generalization and robustness in novel scenarios, indicating a reliance
on memory over transferable knowledge (Cheng et al., 2024; [He et al., 2024; |Gou et al., [2025)).
These generalization failures fundamentally stem from the LLM’s deficiencies in GUI operational
knowledge and long-range planning (Ye et al.,2025b; [Muennighoff et al.| |2025; [Huang et al.,|2024),
a constraint rooted in the scarcity of high-quality, structured trajectory data He et al.[(2025).
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Figure 1: An overview of our three-stage framework LightManus, executing a complex, cross-
platform task from NaturalGAIA. Task Parsing (Stage 1): A complex instruction is decomposed
into a sequence of atomic tasks that form a Causal Pathway. Workflow Management & Evolution
(Stage 2): The system schedules these tasks across different devices and uses collected Trajectory
Data for model evolution via RFT. Atomic Task Execution Unit (Stage 3): This core unit, com-
prising a Manager, Operator, and Reflector, handles the execution of each atomic task.

To address these issues, we introduce Natural GAIA, a novel benchmark with 276 tasks designed to
address critical evaluation challenges in GUI agents. Unlike benchmarks such as GAIAMialon et al.
(2023) that focus on flexible, goal-oriented reasoning, Natural GAIA is engineered to rigorously
test an agent’s ability to execute complex, structured procedures reliably. This is achieved through
Causal Pathways (CPs)—task structures that model realistic, high-frequency user workflows across
multiple platforms, thereby simulating how humans sequentially use tools to achieve goals. Each
pathway is composed of interdependent, programmatically verifiable atomic steps. An error at any
step triggers a deterministic “Path Collapse”, which not only provides an unambiguous failure signal
but also pinpoints the source of the failure. Consequently, NaturalGAIA ensures task complexity
and generalizability while significantly enhancing evaluation timeliness, accuracy, and automation,
thereby establishing a rigorous and reproducible standard for assessing GUI agents.

Furthermore, advanced learning paradigms were explored to advance the capabilities of GUI agents.
We developed a hierarchical agent architecture featuring a Task Parser and a Workflow Manager to
improve long-horizon task handling through effective decomposition and dynamic scheduling. Ad-
ditionally, we constructed a high-quality GUI operation trajectory dataset. Generated by our agent
and iteratively refined through expert validation, this dataset ultimately contains 523 trajectories with
detailed planning rationale. It was subsequently used to investigate the efficacy of Reinforcement
Fine-Tuning (RFT) and serves as a foundational resource for developing next-generation agents. A
representative example is presented in Figure[I]

Experimental results demonstrate that our hierarchical agent, LightManus (driven by Claude-sonnet-
4), significantly outperforms mainstream baselines with a 42.9% Pass@1 success rate, yet achieves
only a 34.6% Weighted Pathway Success Rate (WPSR) on our NaturalGAIA. We also validated
the efficacy of our collected data through RFT, which substantially enhanced the Qwen2.5-VL-7B
model’s capability by increasing its WPSR from 3.3% to 10.8%. However, this enhancement does
not generalize to complex, long-horizon tasks where performance degrades sharply. These findings
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reveal a critical gap between specialized, data-driven skill acquisition and the generalizable, long-
range planning required for true GUI autonomy.

The main contributions of this paper can be summarized as follows:

* We introduce Natural GAIA, a novel benchmark meticulously designed around Causal Path-
ways principles and equipped with a multi-level evaluation framework to precisely evaluate
agent performance on complex, long-horizon tasks. Experimental results reveal that even
state-of-the-art models encounter a formidable challenge on this suite.

* We construct and publicly release a high-quality dataset of GUI operation trajectories, com-
prising 523 trajectories curated through an iterative process of LLM generation and rigor-
ous human verification, to provide a critical resource for future agent training.

* We conduct an in-depth investigation into trajectory-based reinforcement fine-tuning. This
study offers initial evidence and key insights into leveraging this method efficiently to en-
hance agent capabilities.

2 RELATED WORK

The advancement of GUI agents faces three principal challenges. First, an evaluation-realism
dilemma persists in benchmarks. While environments have evolved towards higher fidelity, from
web-based |Zhou et al| (2023); [Koh et al.| (2024a) to mobile-centric (Chai et al.[ (2025)) and long-
horizon tasks |Ye et al.[(2025a)), this pursuit of realism compromises scientific rigor. The dynamic
nature of modern applications impedes reproducibility (Garg et al.|(2025), and the existence of mul-
tiple valid solution paths renders fixed trajectory matching unreliable Zhou et al.| (2023); Liu et al.
(2023)), often necessitating costly or fallible evaluations|Chai et al.| (2025)); Mialon et al.[(2023)). Sec-
ond, a data bottleneck constrains the development of increasingly sophisticated agents. Advances
in high-resolution visual perception Hong et al.| (2024); [Li et al.| (2025b); |(Cheng et al|(2024) and
modular architectures|Zhang et al.| (2025} [2024); Wang et al.|(2024)) demand structured, fine-grained
data that existing datasets lack. Third, a deficit of experiential data hinders the shift from simple im-
itation learning [Rasheed et al.|(2024)); Deng et al.|(2023)) to more advanced paradigms like learning
from self-exploration [Wang et al.| (2023)); Jiang et al.| (2025) or trial-and-error |Shinn et al.| (2023));
Qiu et al.| (2025); Wang et al.|(2024), which require diverse trajectory data. This work addresses
these gaps directly.

Natural GAIA resolves the evaluation dilemma by providing a stable, reproducible, and fully auto-
mated benchmark with programmatically verifiable answers. Concurrently, our trajectory dataset
addresses both the data bottleneck and the experiential data deficit by supplying structured and di-
verse interaction data to foster the development of more capable and robust agents.

3 NATURALGAIA

While prominent benchmarks such as GAIA excel at assessing flexible, goal-oriented reasoning,
they lack rigorous testing of an agent’s ability to reliably execute complex, structured procedures
grounded in natural user tasks. To fill this gap, Natural GAIA introduces Causal Pathways (CPs)—a
task architecture of strict, causally-dependent sequences explicitly designed to model these authen-
tic, cross-platform procedures. In this framework, any procedural error triggers a deterministic Path
Collapse, yielding an unambiguous, process-level failure signal that transcends the limitations of
final-state evaluations. Natural GAIA thus functions as a precise diagnostic tool, designed to probe
an agent’s core capabilities in long-range planning, memory, and operational fidelity.

3.1 AtoMIC TASKS: THE FUNDAMENTAL NODES OF CAUSAL PATHWAYS

At the core of NaturalGAIA are atomic tasks—the smallest indivisible units of interaction. Each
atomic task is designed to retrieve a single, specific piece of information (i.e., the “answer”) through
a sequence of primitive GUI operations. Importantly, every atomic task is associated with a unique
and deterministic correct answer, allowing for objective, automated evaluation. This granularity en-
ables the benchmark to assess an agent’s performance in perception, interface manipulation, and rea-
soning independently. By isolating each task’s input, action sequence, and output, Natural GAIA fa-
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cilitates precise error analysis and supports targeted improvements in sub-capabilities. These atomic
tasks serve as the fundamental nodes that constitute each Causal Pathway.

3.2 CAUSAL PATHWAYS: STRUCTURING TASKS WITH LOGICAL DEPENDENCIES

The core construct of Natural GAIA is the Causal Pathway (CP), an executable representation of pro-
cedural knowledge for structured tasks. A key design principle is the decoupling of a CP’s abstract
logic from its physical execution across diverse platforms, such as different applications or web-
sites. This allows for the flexible generation of varied task instances to mitigate data contamination
and model overfitting, while simultaneously upholding the rigorous evaluation of underlying causal
dependencies.

Nodes within a CP are linked by strict causal dependencies, where an error at any step triggers
a “Path Collapse”—a deterministic failure of the entire sequence. This mechanism provides an
unambiguous signal, pinpointing the exact moment an agent’s execution deviates from the required
causal logic. Consequently, NaturalGAIAevaluates not just task completion but, more critically, an
agent’s capacity for long-range planning, abstract reasoning, and robust execution.

The specific construction principles and processes of CPs and tasks in NaturalGAIA are shown in
Appendix [D.T|and [D.2] respectively.

3.3 MULTI-LEVEL EVALUATION FRAMEWORK

To precisely evaluate agent performance within NaturalGAIA and meticulously identify the root
causes of errors, this study constructs a hierarchical evaluation framework. This framework en-
ables comprehensive scrutiny from macroscopic, difficulty-weighted task completion down to mi-
croscopic error attribution.

Level 1: Weighted Pathway Success Rate (WPSR) To account for task complexity, we introduce
a difficulty score D; ; for each task instance ¢ of a Causal Pathway CP;. This score is proportional
to the number of nodes in the pathway and the number of distinct applications involved in its cor-
responding task. WPSR is defined by weighting each successful completion (Sask(7,7) = 1) by
its normalized difficulty w;; = D;;/ >, ; Dk, where the sum in the denominator is over all task
instances across all pathways. '

WPSR = > " w;; - Stask (4, )
Jst
WPSR serves as a holistic metric for an agent’s final task completion capability, weighted by diffi-
culty.

Level 2: Fine-grained Traversal Metrics To quantify partial progress and resilience, we intro-
duce two complementary metrics that assess traversal quality.

Mean Atomic Tasks Completion Ratio (MATCR): This metric quantifies an agent’s ability to
successfully complete sequences of atomic tasks. For each task sequence j within the benchmark,
a completion ratio R; = k;/n; is calculated, where k; is the number of consecutive atomic tasks
successfully executed from the start, and n; is the total number of atomic tasks in sequence j.

MATCR = ¥ Z "

Positional-Weighted Atomic Tasks Success Rate (p-ATSR): This metric evaluates an agent’s abil-
ity to maintain long-term coherence by assigning greater weight to successes in the later stages of
a Causal Pathway. Let n; be the total number of atomic tasks in pathway CP;. We introduce a
positional weight, denoted as p(i), which is a monotonically increasing function of the step index i.
The p-ATSR is then defined as:

Z] 121 1 P(%) + Satomic (1)
Zj:l Z:lep( )

p-ATSR =

4
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where Syomic(7,7) = 1 for a success at step 4 of pathway j, and 0 otherwise.

In summary, MATCR assesses an agent’s foundational reliability by quantifying its average exe-
cution length, whereas p-ATSR places greater emphasis on its long-term coherence by rewarding
success in the later stages of a task.

Level 3: Error Attribution Analysis For atomic tasks that fail, as identified by the Level 2 met-
rics, this stage involves analyzing the atomic operation sequence to attribute Execution Errors (EE)
to one of three primary types:

* Knowledge Deficit (KD): The agent lacks the necessary domain-specific or procedural
knowledge regarding application operations or function invocation required to achieve the
objective.

* Perceptual Error (PE): Although the agent possesses the correct intent and planning, it fails
during the information extraction phase due to misreading or misinterpretation of visual or
textual information from the interface.

* Operational Error (OE): The agent understands the task and correctly perceives the inter-
face, but fails to take appropriate or precise actions during specific operations.

3.4 TASK DIFFICULTY STRATIFICATION

To enable a systematic evaluation of agent capabilities, tasks in Natural GAIA are stratified into three
difficulty levels. This stratification is defined by the structural properties of their underlying Causal
Pathways, including their length (number of nodes), the complexity of transitions between nodes,
and the diversity of applications involved.

Level 1: Consisting of short Causal Pathways involving 1-2 atomic tasks (nodes). These tasks
typically operate within 1-2 applications and assess an agent’s basic sequential execution and
information-passing capabilities.

Level 2: Featuring Causal Pathways of intermediate length, containing 3-4 nodes. These pathways
often require transitions across 3-5 different applications or involve complex interactions within a
smaller set of applications, testing an agent’s ability to maintain context over a longer duration.

Level 3: Involving complex and lengthy Causal Pathways spanning 5-7 nodes and 3-7 applications.
Successfully traversing these pathways demands advanced planning, long-term memory, and robust
handling of intricate inter-node dependencies, posing a significant challenge to the agent’s cognitive
and operational architecture.

Finally, we constructed 276 tasks. Data statistics and examples of tasks at different levels are shown

in the Appendix [D.3]and[D.4]

4 METHOD

4.1 CROSS-PLATFORM AGENT ARCHITECTURE

To facilitate the generation of high-quality, long-horizon task trajectories, this study introduces
LightManus, a specialized framework engineered for complex, cross-platform operations. Its hi-
erarchical architecture is systematically organized into three distinct stages. The first stage, Task
Parsing, analyzes the high-level user instruction and decomposes it into a logical sequence of ex-
ecutable sub-tasks. The second stage, the Workflow Manager, orchestrates this sequence by dy-
namically scheduling and delegating each sub-task to the appropriate device. The final stage is the
Atomic Task Execution Unit, which executes the ground-level operations. This unit consists of spe-
cialized low-level agents—Mobile-Agent-e [Wang et al.|(2025) for Android and PC-Agent Liu et al.
(2025b)) for PC—that handle direct interaction with the graphical user interface. This structured,
three-stage design provides a robust mechanism for generating high-fidelity execution trajectories
and optimizes long-horizon task performance by ensuring seamless coordination across disparate
operating systems.
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4.2 HUMAN-VERIFIED TRAJECTORY COLLECTION

To construct a high-quality dataset aimed at enhancing the capabilities of GUI agents, we imple-
mented a rigorous two-phase data collection pipeline. This methodology is designed to synergize
the scalability and diverse exploratory power of a Large Language Model (LLM)-driven agent with
the precision and reliability of human experts. The core motivation is to create a dataset that not only
ensures procedural correctness but also captures a rich diversity of interaction behaviors, thereby
transcending the traditional paradigm of singular, “optimal” paths.

Phase 1: LLM-Driven Trajectory Generation The data generation process was initiated using
265 unique atomic tasks as prompts. Our agent, LightManus, powered by Gemini-2.5-Pro, was
tasked with autonomously completing these tasks. For each task, LightManus engaged in a cyclical
action process at every step, which can be decomposed as follows:

* Perception and State Understanding: The agent first captures and analyzes the current
user interface (UI) screenshot.

* Deliberation and Planning: The agent integrates the task objective with visual informa-
tion to perform multi-level reasoning. This includes a high-level Thought process to
maintain the overall plan and a micro-level Action Thought to determine the specific
UI operation to be executed.

* Action Execution: The agent formulates and dispatches the determined action command.

* Observation and Reflection: Following the action, the agent captures and observes the
new interface state, then provides feedback on the outcome to reflect on its progress toward
the goal.

This automated procedure yielded an initial corpus of over 600 successfully executed trajectories.
However, this raw corpus suffered from a critical flaw that necessitated curation: in certain instances,
the model would bypass genuine UI interaction by directly generating answers from its internal,
parametric knowledge. This highlighted the indispensable value of the human verification phase.

Phase 2: Expert Verification and Curation Every successfully generated trajectory was sub-
jected to a meticulous review by a team of two graduate researchers. This review involved a detailed
source-trace analysis of all execution information, including step-by-step screenshots and corre-
sponding log files. Through an iterative refinement of this analysis, 523 trajectories were ultimately
curated for the final dataset, adhering to the following principles:

* Enforcing Grounded Execution: A trajectory was deemed valid only if all of the agent’s
actions were strictly grounded in the visual information presented on-screen. This principle
explicitly filters out any solutions derived from the model’s internal knowledge, ensuring
the data reflects genuine agent-environment interaction.

* Preserving Behavioral Diversity and Corrective Processes: Our curation criteria delib-
erately deviate from selecting only the “most efficient” paths, aiming instead to retain a
variety of valid interaction strategies. Furthermore, we intentionally preserved trajecto-
ries containing recoverable error steps—cases where the agent successfully self-corrects
through reflection after executing an erroneous action or exploring a wrong path. We posit
that these trajectories, containing corrective processes, provide an invaluable learning sig-
nal for training more robust agents capable of reasoning about and recovering from their
OWn errors.

4.3  FINAL DATA STRUCTURE

The curated dataset is composed of structured data points, each containing the initial instruction, the
final solution, and the interaction trajectory. A complete trajectory 7 is represented as a sequence
of time steps, T = (t1,to,...,t,). Each time step ¢; is defined as a tuple (s;, R;, a;, S;+1,0;) that
encapsulates a full state transition, where: s; is the initial state before the action, represented by
a Ul screenshot. R; is the agent’s cognitive reasoning trace, encapsulating its high-level strategic
Thought and micro-level Action Thought. a; is the specific Act ion executed by the agent in
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Level-1 Level-2 Level-3 Overall
Method SR WPSR MATCR pATSR SiR WPSR MATCR pATSR SiR WPSR MATCR pATSR SR WPSR MATCR pATSR
P@l P@4 P@l P@4 P@l P@4 P@l P@4
PC-Agent
« Gemini-2.5-Pro ~ 40.0 66.7 375 60.7 54.1 100 400 125 43.1 31.8 0.0 200 5.1 250 16.0 200 457 146 38.6 258

Mobile-Agent-e
« Gemini-2.5-Pro  46.7 100.0 57.1 75.0 70.0 10.0 60.0 20.0 525 419 00 300 93 24.6 172 229 68.6 232 445 31.6

LightManus

«Gemini-2.5-Pro  73.3 100.0 607 714 727 200 70.0 275 53.1 464 100 400 169 297 239 40.0 743 299 463 371
« Gemini-2.5-Flash 53.3 933 625 741 707 00 600 225 500 427 00 300 114 203 157 229 657 262 415 311
* GPT-03 60.0 - 57.1 67.9 645 300 - 300 575 496 00 - 0.0 322 20.8 343 - 22.0  48.0 35.1
* Claude-sonnet-4  60.0 - 57.1 60.7 59.1 400 - 40.0 57.5 52.1 200 - 20.3 373 30.0 429 - 34.6 48.8 40.4
* Qwen3 40.0 60.0 28.6 50.0 445 0.0 300 100 325 252 100 100 5.1 16.1 102 200 37.1 118 28.7 19.2
* Qwen2.5-Max 60.0 867 500 589 559 100 20.0 100 306 232 100 200 47 11.0 75 314 486 163 27.8 18.6
* Qwen2.5-7B 6.7 267 7.1 18.8 157 100 100 25 21.9 151 00 100 2.1 14.8 78 57 171 33 17.9 11.0
*Qwen2.5-7B-RFT 333 733 28.6 40.2 37.0 100 200 75 238 173 00 200 47 16.5 10.0 17.1 428 10.8 24.0 158

Table 1: Main results on the NaturalGAIA, comparing the performance of different agent frame-
works and foundation models across varying task difficulty levels. We evaluate using Success Rate
(SR%) at Pass@1 and Pass@4, Weighted Pathway Success Rate (WPSR%), Mean Atomic Tasks
Completion Ratio (MATCR%), and Positional-Weighted Atomic Tasks Success Rate (p-ATSR%).
Our proposed LightManus framework consistently outperforms baseline agents. While Reinforce-
ment Fine-Tuning (RFT) remarkably improves the smaller model’s performance, its effectiveness
diminishes as task complexity increases.

that step. s;+1 is the new state reached after executing action a;, also represented by a Ul screenshot.
o0; is the agent’s Observat ion and reflection on the outcome of the state transition from s; to s;41.

This granular, structured format transparently captures the agent’s complete perception-reasoning-
action loop, making it an ideal resource for process-supervision and model fine-tuning. We present
detailed trajectory data samples and corresponding visualization execution trajectories in the Ap-

pendix [E]
4.4 TRAJECTORY-BASED LLM ENHANCEMENT

The enhancement of the Qwen-2.5-VL-7B model was conducted via Trajectory-Reinforced Fine-
Tuning (T-RFT), a methodological choice deliberately positioned between two common paradigms:
Supervised Fine-Tuning (SFT) and end-to-end Reinforcement Learning (RL). While SFT offers a
straightforward approach by mimicking expert demonstrations, it typically yields brittle policies that
overfit to the specific, static trajectories seen during training. This reliance on behavioral cloning
limits the agent’s ability to generalize to novel situations or recover from errors. Conversely, conven-
tional end-to-end RL, though theoretically more robust, is often practically infeasible for complex
GUI tasks. It necessitates extensive online exploration, entailing prohibitive computational over-
head, significant communication latency, and long training durations.

T-RFT presents a pragmatic and resource-efficient alternative. By leveraging a high-quality, static
dataset of human-verified trajectories, it circumvents the need for costly online interaction. Yet,
unlike SFT, it moves beyond simple imitation by applying policy optimization principles to learn
a more generalizable decision-making model. This allows the agent to distill robust navigational
strategies from the expert data, rather than merely memorizing action sequences. Ultimately, this
approach was chosen to specifically augment the model’s capacity to interpret and strategically act
upon the sequential visual and textual inputs inherent to GUI environments.

5 EXPERIMENT

5.1 SETUP

Baselines. The performance of our proposed LightManus framework was benchmarked against
two baseline agents: PC-Agent (PCA) for desktop environments and Mobile—-Agent—-e (MAe)
for Android environments.

Foundation Models. Our evaluation includes a diverse range of state-of-the-art proprietary
and open-source MLLMs. Proprietary models include Google’s Gemini series (Gemini-2.5-Pro,
Gemini-2.5-Flash), OpenAI’s GPT-03, and Anthropic’s Claude-sonnet-4. Open-source models
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assessed are from the Qwen series, including Qwen3-235B-A22B, Qwen2.5-Max, and the base
Qwen2.5-VL-7B model which was targeted for fine-tuning.

Training. The enhancement of the smaller model was achieved through T-RFT. Specifically, the
Qwen2.5-VL-7B model was fine-tuned using our curated dataset comprising 278 human-verified
trajectories. The training was executed on a high-performance computing cluster equipped with
four NVIDIA A100 GPUs. Further training details can be found in Appendix [F}

5.2 MAIN RESULTS

The experimental results, detailed in Table [T} reveal several key findings. Our proposed Light-
Manus framework consistently demonstrates superior performance over baseline agents across all
evaluated metrics. Among the foundation models, large-scale proprietary models, particularly
Claude-sonnet-4 and Gemini-2.5-Pro, exhibit the most robust capabilities, achieving the highest
success rates on complex, long-horizon tasks. While open-source models show promise, a dis-
cernible performance gap remains. Furthermore, T-RFT substantially enhances the capabilities of
smaller models on basic tasks, yet this advantage diminishes markedly with increasing task com-
plexity, highlighting the intrinsic limitations of model scale. The subsequent analysis dissects these
findings by evaluating the distinct contributions of the agent framework, the foundation models, and
the fine-tuning process.

Framework Efficacy: The Architectural Advantage of LightManus The LightManus frame-
work demonstrates a significant advantage in GUI execution tasks. Driven by the same Gemini-
2.5-Pro model, LightManus’s overall performance surpasses that of PCA and MAe. Specifically, its
success rate (Pass@1) reaches 40.0%, which is considerably higher than PCA’s 20.0% and MAe’s
22.9%. Its WPSR is 29.9%, also outperforming PCA’s 14.6% and MAe’s 23.2%.

This superior performance stems from its higher execution reliability and long-horizon coher-
ence. LightManus, powered by Gemini-2.5-Pro, shows substantial leads in both MATCR (46.3%
vs. 39.2%/43.1%) and p-ATSR (37.1% vs. 25.8%/31.6%) metrics. A particularly compelling
piece of evidence is that LightManus equipped with the smaller Gemini-2.5-Flash achieves a p-
ATSR (31.1%) that is comparable to that of MAe equipped with the more powerful Gemini-2.5-Pro
(31.6%). This result strongly indicates that the framework design of LightManus provides more
robust execution support for complex, long-horizon tasks.

The Impact of LLLM Scale on Performance The experimental results clearly reveal the critical
impact of LLM scale on performance. Larger models, with their extensive knowledge bases, yield
higher operational reliability. This is reflected in the MATCR metric: LightManus driven by Gemini-
2.5-Pro (46.3%) outperforms its Gemini-2.5-Flash version (41.5%), indicating that larger models
can execute atomic operations more stably.

However, a counter-intuitive phenomenon was observed in simple tasks: larger models occasionally
exhibit a tendency to “over-plan”, breaking down simple instructions into excessively verbose steps.
For instance, in Level-1 tasks, the agent equipped with Gemini-2.5-Flash slightly outperformed in
WPSR (62.5% vs. 60.7%) and MATCR (74.1% vs. 71.4%). This suggests that for low-complexity
tasks, the more concise planning strategy of smaller models can sometimes be more efficient.

Efficacy and Limitations of Small Model Specialization Fine-tuning smaller models highlights
both their potential and inherent limitations. By fine-tuning Qwen2.5-VL-7B with our trajectory
data, the model’s performance on basic tasks was significantly enhanced. In Level-1 tasks, its
Pass@1 success rate increased nearly fivefold (6.7% — 33.3%), WPSR nearly quadrupled (7.1%
— 28.6%), and MATCR also doubled (18.8% — 40.2%).

However, this specialized capability gained through fine-tuning does not generalize well to complex
scenarios. As task complexity increases, the model’s intrinsic capability ceiling becomes apparent.
Its WPSR plummets from 28.6% at Level-1 to 7.5% at Level-2 and 4.7% at Level-3. This precip-
itous decline in performance indicates that core capabilities required for executing complex GUI
tasks, such as long-range planning and memory, cannot be compensated for solely by fine-tuning on
domain-specific data.
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5.3 GENERALIZATION ACROSS APPLICATION SCENARIOS

Model SR(%)
Qwen2.5-VL-7B 26.3
Qwen2.5-VL-7B-RFT  36.8

Table 2: Generalization performance on the A3 benchmark (Chai et al.| (2025). The evaluation is
conducted on applications unseen during training to assess the model’s transferability.

As shown in table [2} to rigorously evaluate the model’s ability to generalize to new environments,
we conducted a supplementary experiment on the A3 benchmark|Chai et al.|(2025)). For this test, we
selected six task subsets involving applications that are entirely disjoint from those present in our
training trajectory data. This setup ensures a stringent assessment of transferable skills rather than
memorized procedures. The results show that the base Qwen2.5-VL-7B model achieved a success
rate of 26.3%. After T-RFT, the model’s performance on these novel applications rose to 36.8%,
representing a substantial relative improvement of approximately 40%. This marked enhancement
strongly suggests that the fine-tuning process did not lead to overfitting. Instead, it indicates the
model has internalized more generalizable operational principles for GUI interaction, underscoring
the value of our high-quality trajectory data in fostering robust and transferable agent capabilities.

5.4 ERROR ANALYSIS

As shown in Figure[2] we classify agent failures
into three primary types: Planning & Reason- Gemini-2.5-Pro Gemini-2.5-Flash
ing Errors (PRE), which refer to when the agent
formulates a logically flawed sequence of steps;

Structural Compliance Errors (SCE), where the soh!™ 39.3% Ay 37.9%
model fails to generate output in the required ... [
action format; and Execution Errors (EE), a cat- A 29.3%
egory that encompasses the finer-grained Oper- . ool
ational Errors (OE), Knowledge Deficits (KD), &b g
and Perceptual Errors (PE).

Qwen2.5-VL-7B Qwen2.5-VL-7B-RFT
The error analysis reveals significant dispari- SO% e B
ties in failure modes among the models. High- . 0% o
performance models, such as the Gemini series £2.1% 32.9% e S7%
(-2.5-Pro and -2.5-Flash), exhibits low PRE and 5.6%
SCE rates, demonstrating robust capabilities 7.9%

. . . . 46.4%
in planning and structural compliance. Their

failures are predominantly concentrated in EE,
accounting for 47.8% and 54.3% of their re-
spective outcomes. A deeper analysis of the
EE category shows that the primary bottleneck
for Gemini-2.5-Pro is OE (35.7%), highlight- Figure 2: A comparative breakdown of failure
ing a challenge in execution accuracy. For the modes for four vision-language models. The chart
smaller Gemini-2.5-Flash, its EE composition ~categorizes errors into three primary types: Plan-
is more heavily skewed towards KD (19.3% ning & Reasoning Errors (PRE), Structural Com-

vs. 5.0%), reflecting a trade-off between model ~Pliance Errors (SCE), and Execution Errors (EE).
scale and embedded knowledge. The Execution Errors category is further subdi-

vided into Operational Errors (OE), Knowledge

In contrast, the Qwen2.5-VL-7B series of mod- Deficits (KD), and Perceptual Errors (PE).
els exhibits a more fundamental bottleneck.

The root cause of failure for the base model is

a critical rate of SCE (46.4%), followed by EE

(42.2%). While T-RFT substantially reduces the total EE rate from 42.2% to 30.0%, this improve-
ment is almost entirely attributable to the successful mitigation of KD (32.9% down to 11.4%). It
is also noted that the SCE rate remains at a relatively high level of 47.9%. This indicates that while
our fine-tuning method effectively imparts domain knowledge to improve execution, it has not yet
fully resolved the inherent challenges in structural compliance found in certain smaller models.
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6 CONCLUSION AND DISCUSSION

To address the critical challenges in evaluating GUI agents, we introduce Natural GAIA, a novel
benchmark based on “Causal Pathways”, a hierarchical LightManus architecture, and a high-quality
trajectory dataset featuring diverse and self-correcting behaviors. The experiments demonstrate that
even state-of-the-art models like Claude-sonnet-4 face formidable challenges on Natural GAIA, re-
vealing deficiencies in long-horizon planning. Meanwhile, although Trajectory-Reinforced Fine-
Tuning (T-RFT) enhances the foundational performance of smaller models (e.g., Qwen2.5-VL-7B),
their capability ceiling in complex tasks remains constrained: while fine-tuning supplements some
world knowledge, it struggles to fundamentally improve their operational precision and perceptual
capabilities, and has not yet fully addressed the underlying challenge in structural compliance. This
set of limitations highlights the critical gap between domain-specific skills and generalizable rea-
soning abilities.

While Natural GAIA provides a robust standard, it does not fully capture the dynamic nature of
real-world interfaces. Future research can proceed in three directions: (1) developing agents with
enhanced structural and logical reasoning abilities to overcome their innate bottlenecks; (2) creating
dynamic benchmarks capable of auto-generating novel “Causal Pathways” to mitigate the risk of
data contamination; (3) exploring advanced learning algorithms that can efficiently learn from self-
correcting behaviors to build more resilient agents.
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grammar checking, and enhancing the overall flow of the text.
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D DETAILS OF NATURALGAIA

D.1 DESIGN PRINCIPLES OF NATURALGAIA (LEVEL-3)

Taking the Level-3 build as an example, the design guidelines we provide to Task builders are as
follows:
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Part I: Task Structure and Tool Application

* Number and Identification of Atomic Tasks: Each main task must be designed to contain
six to seven clearly distinguishable atomic tasks. Each atomic task should be clearly labeled
and distinguished in the task description document or related schematic diagram.

* Multi-tool Collaboration Requirements: Ensure that at least three different mobile ap-
plications (APPs) are called to complete each main task. In terms of application selection,
applications on the Android platform should be selected.

Part II: Core Characteristics of Atomic Task Results

» Textual Presentation of Results: The final results of the constructed atomic tasks must be
clearly presented in text form to support subsequent reliability assessments.

* Uniqueness and Certainty: The output results generated after the execution of each
atomic task must be unique and clearly defined, and can be verified objectively and un-
ambiguously, and there should not be multiple possible correct answers.

* Exclusion of Timeliness Effects: The results of atomic tasks should be designed to be
time-invariant, aiming to avoid changes, failures, or deviations from expected standards
due to the passage of time.

* Processing procedures for time-sensitive information: If the task scenario inevitably
involves critical information with timeliness (for example, real-time stock prices, limited-
time promotion information, dynamically updated news lists, etc.), the information must
be solidified the moment it is captured by the atomic task. This processing requires that the
information content be fully recorded in a local static file (e.g.: screenshots saved as PNG,
text information saved as TXT/PDF, table data saved as XLSX, complex documents saved
as DOCX, etc.). At the same time, the atomic task must provide specific time constraints
(e.g.: query the price of Apple16 on Apple’s official website on April 11, 2025). The local
static file constitutes the deterministic and verifiable output result of this atomic task.

Part III: Logical dependencies between atomic tasks

* Mandatory information flow dependencies: Strict sequential dependencies must be es-
tablished between the designed atomic tasks. Specifically, the output result z of the previous
atomic task must be used as the core input information required for the execution of the next
atomic task.

* Failed step-by-step interruption mechanism: If the previous atomic task fails to suc-
cessfully obtain its expected correct result, all subsequent atomic tasks that rely on this
result should not be able to continue or be completed correctly. The task process must be
designed based on this standard.

Part IV: Clarification of application tools and ground truth

* Application of atomic tasks: In the detailed description of each atomic task, the name of
the specific mobile APP expected to be used to complete the task must be clearly specified.

* Detailed description of the path to obtain the ground truth: The specific operation path
or method used by each atomic task constructed to obtain its ground truth must be described
in detail to facilitate verification and confirmation by the verifier.

Part V: Selection criteria for applications
* Commonality priority principle: When selecting applications for tasks, be sure to give

priority to common applications with high user penetration and widespread use in the app
storg || (as of April 2025, ranked within the top 50).
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Table 3: An example of a task definition from Stage 1. The table specifies the high-level task, its
difficulty level, the step-by-step Causal Pathway for human execution, the corresponding ground
truth answers, and the tools involved.

Search for Leonardo Dicaprio on Douban and tell me what movie the
Task actor is starring in in 2023? Use IMDB to look up the movie’s profile and
tell me what era the story takes place in?
Level | 1
1. Open the Douban app.
2. Type “Leonardo Dicaprio” in the search box and click Search.
3. In the search results, click on Leonardo Dicaprio’s actor entry to enter
his personal homepage.
4. View his film and television works list and find the works released
in“2023”.
5. Record the movie name of the 2023 work. (Ground Truth 1: Killers of
Steps(human) the Flower Moon)
6. Open the IMDB app.
7. Type the movie name recorded from the Douban app (Killers of the
Flower Moon) in the search box and click Search.
8. Click the corresponding movie entry in the search results to enter the
movie details page.
9. Scroll down to the movie profile section.
10. Read, find and record the era information mentioned in the profile
(Ground Truth 2: 1920s).
Ground 1. Killers of the Flower Moon
Truth 2. 1920s
Douban app
Tools IMDB APP
Number of >
Atomic Tasks

D.2 DETAILS OF TASK CREATION

To ensure the quality, feasibility, and determinism of each task, a rigorous three-stage process was
designed and implemented for the construction of Natural GAIA, executed by a team of four an-
notators. This multi-stage protocol ensures the robustness of the tasks and the reliability of their
outcomes. The process is detailed as follows:

Stage 1: Task Design and Causal Pathway Definition. This initial phase was led by Annotator 1,
who designed the Causal Pathway and its constituent atomic tasks. The design was governed by core
principles mandating that the output (i.e., the answer) for each task node be unique, deterministic,
and temporally stable. This foundation ensures the long-term validity of the benchmark. Annotator
1 also developed reference procedures to confirm the pathway’s initial feasibility on the Android
platform. An example of a complete task definition produced in this stage, detailing the task, its
constituent steps (the Causal Pathway), and ground truth, is presented in Table

Stage 2: Independent Verification and Cross-Platform Screening. Annotators 2 and 3 served
as independent validators. They first followed the reference procedures to traverse the designed
Causal Pathway on Android. Subsequently, they verified the pathway’s applicability on PC (Win-
dows) platforms. This stage rigorously evaluated the practical feasibility and output determinism
of the tasks, ensuring cross-platform reproducibility. The verification results for the example task,
confirming answer consistency across Android and Windows platforms, are shown in Table 4]

"nttps://play.google.com/storel
https://m.app.mi.com/|
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Table 4: Cross-platform verification for the example task, corresponding to Stage 2. This table
demonstrates the task’s reproducibility by confirming that identical ground truth answers are ob-
tained on both Android and Windows platforms.

Operating System \ Android \ Windows
Search for Leonardo Dicaprio on Douban and tell me what
Task movie the actor is starring in in 2023? Use IMDB to look
up the movie’s profile and tell me what era the story takes
place in?
Level \ 1
Ground Truth ; Il(gﬂzlgzs of the Flower Moon
Tools Douban app https://www.douban.com/
IMDB APP https://www.imdb.com/
L Atomic Task v v
Answer Matching 1
Atomic Task
D) v v

Stage 3: Blind Feasibility Assessment and Human Baseline Establishment. This phase was
conducted by Annotator 4 to assess task clarity and establish a human performance baseline. To
ensure an unbiased evaluation, Annotator 4 was provided only with the high-level task description,
without access to the reference solution or the intended Causal Pathway. This setup simulates the
process of an agent discovering and navigating the pathway based solely on instructions, thereby
providing a crucial human baseline for evaluating agent autonomy.

D.3 DETAILS OF DATA STATISTICS

Table 5| presents the detailed statistical characteristics of the Natural GAIA benchmark at different
difficulty levels. The table lists the total number of entries (Num) in each difficulty interval from
level 1 to level 5 and the Overall case. For each difficulty level, we further quantified the average
number (Avg) and distribution Range of Tools used by annotators and Atomic tasks)performed dur-
ing the benchmark construction process. In NaturalGAIA, there is a positive correlation between
the difficulty level of the task and the average number of tools and atomic tasks required, which
indicates that tasks with higher difficulty usually correspond to more complex processing flows and
operation sequences.

Table 5: Statistics of Natural GAIA

Difficulty level Num Tools Atomic tasks

Avg Range Avg Range

1 133 1.5 172 1.9 172
2 92 2.3 274 3.7 374
3 51 4.4 377 5.7 377
Overall 276 2.6 177 3.1 177

D.4 TASK EXAMPLE OF NATURALGAIA
Figure [3] presents concrete examples of tasks corresponding to the three difficulty levels. These

examples illustrate the increasing requirements in terms of the number of atomic tasks, the diversity
of applications involved, and the complexity of planning and execution across the levels.
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Level-1

Question: Search the movie "Everything Everywhere All at Once" on Douban to see who the
Asian director is. Search IMDb to find out what movie he directed in 2016.

Ground truth: 1. Daniel Kwan; 2. Swiss Army Man

Level-2

Question: Use the file management app to open /Benchmark/Pic/1776.png.
In the jpg picture with the same name as the year, tell me who is in the
picture? Which city in the United States is named after this person? Use
Wikipedia to check the official name of this city. Use Google Map to view
this city. Tell me which months are its peak tourist seasons? Use Google
Map to check what the average temperature of this city is in these months? 1776 png

Ground truth: 1. George Washington; 2. Washington, D.C.; 3. July-October; 4. [July [24-
31°C], August [23-30°C], September [19-27°C], October [13-21°C]]

Level-3

Question: Use Video Player to open /Benchmark/Video/song.avi and tell me

which singer sings the song in the video? Use Apple Music to search which

album this singer released in 2022? Which song in this album is named after

a cocktail? Use Google APP to search the country where the main filming

location of this song is located? Use Google APP to see what the capital of song.avi
this country is? Use Wiki APP to search in which year the old city of this city was listed as a
World Heritage Site by UNESCO?

Ground truth: 1. Jay Chou; 2. The Greatest Show; 3. Mojito; 4. Cuba; 5. Havana; 6. 1982;

Figure 3: Task examples of different difficulty levels in NaturalGAIA

E DETAILS OF EXECUTION TRAJECTORY

Each data entry in our collection is a JSON object designed to provide a comprehensive and trans-
parent record of an agent’s problem-solving process for a given task. The structure is organized with
the following top-level keys:

* messages: This key holds an array that documents the agent’s interaction flow. It begins
with the initial, high-level task instruction (e.g., “Using Wikipedia, search for Jay Chou and
tell me which album he released in 2000?7”), followed by the agent’s detailed, step-by-step
execution trace.

* solution: This key contains a string with the ground-truth answer for the task, encapsu-
lated within an <answer> tag (e.g., <answer>Jay</answexr>). This allows for direct
and automated evaluation of the task outcome.

* images: This key holds an array of strings, where each string is a file path to a screenshot
captured during the interaction. These images provide the visual context for each step of
the agent’s trajectory.

The core of our dataset lies within the execution trace, which documents the agent’s perception-
reasoning-action loop for each step. A single step is structured as follows:

* think Block: This block encapsulates the agent’s cognitive process before taking an ac-
tion. It is crucial for understanding the agent’s intent and planning. It contains:

— <image> Placeholder: Marks where the corresponding pre-action screenshot is pre-
sented to the model.

— Thought: A paragraph of text detailing the agent’s high-level strategic thinking. It
assesses the overall progress, recalls the main objective, and formulates a sub-goal for
the current step.

— Action Thought: A paragraph focused on low-level, tactical reasoning. Grounded
in the visual information from the <image>, it identifies the specific UI element to
interact with (e.g., a button or text field) and determines the type of action to perform
on it (e.g., tap or type text).
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* Action Block: This block contains a concise, human-readable natural language descrip-
tion of the action the agent decided to execute (e.g., “Tap on ’Search Wikipedia’ to activate
the keyboard.”).

* Observation Block: This block documents the agent’s reflection after the action has
been executed. It includes:

— <image> Placeholder: Marks where the post-action screenshot is presented, show-
ing the result of the action.

— Observation: A textual summary where the agent confirms the outcome of its action
and updates its understanding of the task status, setting the stage for the next step.

This detailed, multi-faceted structure is explicitly designed to provide rich, process-level supervision
signals, enabling models to learn not just what to do, but also why and how to do it based on visual
evidence and logical reasoning. The trajectory data sample and visualization process are shown in
the listings [I]to [3]and figs. [ to [6]respectively.

o
“images”: [

”image_17 —-44-23 _1_1.jpg”,

“image_17-44-23_1_2 .jpg”,

Lt}

2
“image_17-44-23_1_3 .jpg”,
“image_17-44-23_1_4 .jpg”,
”image_17-44-23_1.5.jpg”
]7
“messages”’: [
“role”: “user”,
“content”: “Use Wikipedia to search for Jay Chou, and
tell me which album he released in 2000?”
}’
{ .
”role”: ”assistant”,
“content”: "===Stepl===

<think >

<image_17-44-23_1_1.jpg>

#% Thought

The user wants to find the name of Jay Chou’s album released in
2000 on Wikipedia. I need to open the Wikipedia app, search
for ”Jay Chou”, navigate to his discography or album section,
and then find the album released in 2000.

#+% Action Thoughtx

The current subgoal is to open the Wikipedia app. Looking at the
screen information, I can see ”Wikipedia” at coordinates [664,
1023]. This is the app I need to open.

s Action
Open the Wikipedia app to start searching for ”Jay Chou”.

</think >
<Observation >
<imagel7-44-23_1_2 .jpg >

xx Observation #:x
1. Open the Wikipedia app.
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Figure 4: Image from image_17-44-23_1_1.jpgto image_17-44-23_1_5. jpg

</Observation >

===Step2===
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<think >

<imagel7-44-23_1_2 .jpg >

#% Thought s

The Wikipedia app is open. The next step is to search for “Jay
Chou”. I can see a search bar labeled ”Search Wikipedia” at
the top of the screen. I will tap on this search bar to
initiate the search.

#% Action Thought =

The current subgoal is to search for ”Jay Chou”. Looking at the
screenshot, I see a search bar with the text ”Search Wikipedia
”. 1 need to tap on this search bar to activate the keyboard
and then type ”Jay Chou”. The coordinates for ”Search
Wikipedia” are [323, 387].

% Action s

Tap on the ”Search Wikipedia” bar to activate the keyboard and
prepare for typing the search query.

</think>

<Observation>

<image_17-44-23_1_3 .jpg >

*xObservation s
1. Open the Wikipedia app. 2. Search for ”Jay Chou”.

</Observation >
:::Step3 ===
<think >

<image_17-44-23_1_3 .jpg >

% Thought s
The current screen shows the Wikipedia search interface , and “Jay
Chou” is listed under “Recent searches”. This means the search

term has been entered, and I can proceed by tapping on “Jay
Chou” to view the search results. This completes the “Search
for ’Jay Chou’” subgoal. The next step is to navigate to the
album/discography section.

#% Action Thoughts:

The current screen shows the Wikipedia search interface. The user’
s instruction is to search for ”Jay Chou”. I have already
opened the Wikipedia app and tapped on the search bar. Now I
need to type “Jay Chou” into the search bar. Looking at the
screen information, ”Jay Chou” is listed under “Recent
searches”. This means I don’t need to type it, I can just tap
on the existing “Jay Chou” entry.

sk Action s
Tap on ”Jay Chou” from the recent searches to perform the search.

20




Under review as a conference paper at ICLR 2025

</think >
<Observation>
<image_17-44-23_1_4 .jpg >

#x Observation s
1. Open the Wikipedia app. 2. Search for ”Jay Chou”. 3. Navigate
to the album/discography section of the search result.

</Observation>
===Step4d===

<think >
<image_17-44-23_1_4 .jpg >

#% Thought =

The current screen shows the search results for ”Jay Chou”. The
goal is to find the album released in 2000. To do this, I need
to navigate to the album/discography section. Looking at the
options , ”"Jay Chou Discography” seems to be the most relevant
link to find a list of his albums. ”Jay (album)” is also an
album, but it’s a specific one, and I need to find the one
released in 2000, so a discography list would be more
comprehensive. Therefore, clicking on ”Jay Chou Discography”
is the next logical step.

#% Action Thoughts:

The user wants to find the album released by Jay Chou in 2000. The
current screen shows search results related to ”Jay Chou”.
Among the results , ”Jay Chou Discography” seems to be the most
relevant link to find album information. I will tap on this
link to navigate to the discography section.

#x Action xx*

Tap on ”Jay Chou Discography” to navigate to the discography
section , which should contain information about his albums and
their release dates.

</think >
<Observation >
<image_17-44-23_1_5.jpg >

#x Observation s

1. Open the Wikipedia app. 2. Search for ”Jay Chou”. 3. Navigate
to the album/discography section of the search result. 4.
Identify the album released in 2000.

</Observation >”

}

olution”: "<answer> Jay </answer>"

]

2

Listing 1: Example of Execution Trajectory 1
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”role”: ”assistant”,
“content”: “===Stepl===

<think >
<image_—-10-41_1_1.jpg>

% Thought

The user wants to search for the movie ”Oppenheimer” in the IMDb
app and find its first lead actor. This task can be broken
down into the following steps: 1. Open the IMDb app. 2. Search
for ”Oppenheimer”. 3. Navigate to the movie’s details page.
4. Identify the first lead actor.

#% Action Thought =

The user wants to search for a movie in the IMDb app. The first
step is to open the IMDb app. Looking at the screen
information, I can see an icon labeled ”IMDb” at coordinates
[162, 570]. This is the app I need to open.

xx Action ==
Open the IMDb app to begin the search for the movie ”Oppenheimer”.

</think >
<Observation >
<image_-10-41_1_2 .jpg>

#x Observation s
1. Open the IMDb app. 2. Search for the movie “Oppenheimer”.

</Observation >
===Step2===

<think >
<image_—-10-41_1_2 .jpg>

#% Thought =

The current screen is the IMDb app’s home screen. The previous
subgoal was to open the IMDb app, which is already completed.
The next step in the plan is to search for “Oppenheimer”
within the IMDb app. I can see a search bar labeled ”Search
for shows, movies, people...” in the middle of the screen. I
should tap on this search bar to initiate the search.

#% Action Thoughts:

The current subgoal is to search for ”Oppenheimer” within the IMDb
app. The screenshot shows the IMDb app’s home screen, and
there is a search bar labeled ”Search for shows, movies,
people...” in the middle of the screen. I need to tap on this
search bar to activate the keyboard and then type ”Oppenheimer

i)

sk Action s
Tap on the search bar to activate the keyboard and prepare for
typing ”Oppenheimer”.
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</think >
<Observation>
<image_-10-41_1_3 .jpg>

*xObservation s
1. Open the IMDb app. 2. Search for the movie "Oppenheimer”. 3.
Type ”Oppenheimer” into the search bar.

</Observation >
===Step3===

<think >
<image_—-10-41_1_3 .jpg>

#% Thought

The current screen shows the search results within the IMDb app.
The movie ”Oppenheimer” is already listed under “Recent
Searches”. Since the goal is to search for “Oppenheimer” and
then find its first lead actor, the next logical step is to
tap on the “Oppenheimer” search result to view its details.
This will complete the ”Search for ’Oppenheimer’ within the
IMDb app” subgoal and move towards the next one.

#% Action Thought==x

The current subgoal is to tap on the search result for
Oppenheimer” to view its details. Looking at the screen
information , ”Oppenheimer” is listed as a recent search result
at coordinates [331, 1508]. I should tap on this to proceed.

iR

*x Action *x*
Tap on the ”Oppenheimer” search result to view its details page.

</think >

<Observation>

<image_—-10-41_1_4 .jpg>

*xObservation s

1. Open the IMDb app. 2. Search for the movie "Oppenheimer”. 3.
Type ”Oppenheimer” into the search bar. 4. Tap on the search
result for ”Oppenheimer” to view its details.

</Observation>

:::Step4:::

<think >

<image_—-10-41_1_4 .jpg>

s% Thought =
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The current screen shows the movie details page for “Oppenheimer”.
The goal is to find the first actor listed. I need to scroll
down to find the cast section.

#+% Action Thought=x

The current screen shows the movie details page for “Oppenheimer”.
The goal is to identify the first actor listed. I need to
scroll down to find the cast section. Since the current view
only shows the movie description and genre tags, I need to
swipe up to reveal more content, specifically the cast list.

xx Action ==
Swipe up to scroll down the page and reveal more content,
including the cast section, to find the first actor.

</think >
<Observation>
<image_—-10-41_1_5.jpg>

xxObservation ==

1. Open the IMDb app. 2. Search for the movie "Oppenheimer”. 3.
Type ”Oppenheimer” into the search bar. 4. Tap on the search
result for ”Oppenheimer” to view its details. 5. Swipe up to
scroll down the page and reveal more content, including the
cast section.

</Observation>
===StepS===

<think >
<image_-10-41_1_5.jpg>

% Thought s

The current screen shows the movie details for “Oppenheimer”. The
goal is to find the first actor listed in the cast section.
The "Important Notes” state that the current view does not
show the cast section, so further scrolling is needed.
Therefore , the next logical step is to scroll down to reveal
the cast section.

#% Action Thoughts:

The current subgoal is to identify the first actor listed in the
cast section. Based on the screen information and the previous
action, I have already swiped up to reveal more content.
However, the cast section is still not visible in the current
screenshot. Therefore, I need to swipe up again to scroll
further down the page until the cast section appears.

xx Action ==
Swipe up again to scroll down the page and reveal more content,
specifically the cast section, to find the first actor.

</think >

<Observation>
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<image_—-10-41_1_6.jpg>

xxObservation =

1. Open the IMDb app. 2. Search for the movie “Oppenheimer”. 3.
Type ”Oppenheimer” into the search bar. 4. Tap on the search
result for ”Oppenheimer” to view its details. 5. Swipe up to
scroll down the page and reveal more content, including the
cast section. 6. Identify the first actor listed in the cast
section .

</Observation >
===Stepb===

<think >
<image_—-10-41_1_6.jpg>

#% Thought

The current screen shows the movie details page for “Oppenheimer”.
The ”Cast” section is visible , and the goal is to identify
the first actor listed. The image shows ”"TOP CAST” and
partially visible images of actors. To identify the first
actor, I need to look at the first visible actor’s image and
name. Since the image is only partially visible, I need to
scroll to the right to fully see the first actor’s image and
name.

#% Action Thoughts:

The current subgoal is to identify the first actor listed in the
cast section. The screenshot shows the ”Cast” section with ”
TOP CAST” visible. Below ”TOP CAST”, there are images of
actors. The first image is partially visible. To identify the
first actor, I need to see the name associated with the first
image. Since the name is not visible, I need to scroll down
further to reveal the full cast list or at least the names of
the top cast members.

#x Action sx*

Swipe up to scroll down the page and reveal the names of the
actors in the “TOP CAST” section.

</think >
<Observation >
<image_-10-41_1_7 .jpg>

*x Observation s:x

1. Open the IMDb app. 2. Search for the movie ”Oppenheimer”. 3.
Type ”Oppenheimer” into the search bar. 4. Tap on the search
result for ”Oppenheimer” to view its details. 5. Identify the
first actor listed in the cast section.

</Observation >"

}

olution”: ”<answer> Cillian Murphy </answer>"

]

2
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Listing 2: Example of Execution Trajectory 2
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”role”: "user”,

”content”: ”Please use IMDb to search for the movie ’
Following >, and tell me what its runtime is?”

”“role”: ”assistant”,

”content”: "===Stepl===

<think >
<image_16-59-16_1_1.jpg>

#% Thought =

The user wants to find the runtime of the movie "Following”. I can
use a search engine or a movie database app to find this
information. Since there is an IMDb app on the home screen, it
would be the most direct way to get movie information. If
IMDb doesn’t work, I can use Google or Baidu to search for it.

#% Action Thought=x

The user wants to search for movie information, and the overall
plan is to use the IMDb app. The current subgoal is to open
the IMDb app. Looking at the screen information, I can see an
icon labeled ”IMDb” at coordinates [162, 570]. This is the
correct app to open.

#x Action ==
Open the IMDb app to start searching for the movie information.

</think >
<Observation >
<image_16-59-16_1_2 .jpg>

#x Observation s
1. Open the IMDb app.

</Observation >
===Step2===

<think >
<image_16-59-16_1_2 .jpg>

x% Thought =

The IMDb app is stuck on a loading screen, indicating a potential
network issue. The message ”This is taking longer than usual.
You might want to try switching networks?” suggests that the
app is having trouble connecting to the internet. Since the
current plan relies on the IMDb app, and it’s not functioning,
I need to revise the plan to address this. The most
straightforward way to search for movie information online is
to use a web browser. Therefore, I will switch to using the
Chrome browser to search for the movie’s runtime.

¥ Action Thoughtsx
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The current subgoal is to open the Chrome browser. However, the
previous action was to open the IMDb app, which is currently
stuck on a loading screen. Since the IMDb app is not loading,
it’s better to close it and open Chrome instead of waiting. To
do this, I need to go back to the home screen first , then
open Chrome.

xx Action =

Return to the home screen to close the stuck IMDb app and prepare
to open the Chrome browser.

</think >

<Observation>

<image_16-59-16_1_3 .jpg>

*xObservation #:x
1. Open the IMDb app. 2. Open the Chrome browser.

</Observation>

===Step3===

<think >

<image_16-59-16_1_3 .jpg>

#% Thought

The current plan is to open the Chrome browser. The previous
attempt to use the IMDb app failed because it was stuck
loading . The Chrome browser icon is visible on the screen. I
need to tap on the Chrome icon to open it.

#+% Action Thoughtsx

The current subgoal is to open the Chrome browser. Looking at the
screenshot, I can see the Chrome icon at coordinates [663,

1888]. I will use the ‘Open_App‘ action to open Chrome.

s Action s
Open the Chrome browser to search for the movie runtime.

</think >
<Observation >
<image_16-59-16_1_4 .jpg>

xxObservation s
1. Open the IMDb app. 2. Open the Chrome browser.

</Observation >
:::Step4:::
<think >

<image_16-59-16_1_4 .jpg>
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#% Thought =

The previous subgoal was to open the Chrome browser. The current
screenshot shows the home screen with the Chrome browser icon
visible. The IMDb app was loading slowly, so the plan was to
switch to Chrome. I need to tap on the Chrome icon to open it.

#x Action Thoughts:

The previous attempt to open Chrome failed. Looking at the
screenshot , I can see the Chrome icon at coordinates [663,
1888]. I will try to tap on this icon to open the Chrome
browser.

% Action s
Tap the Chrome browser icon to open it.

</think >

<Observation>

<image_16-59-16_1_5.jpg>

#x Observation s

1. Open the IMDb app. 2. Open the Chrome browser. 3. Search for
the movie ”"Following” and its length.

</Observation>

:::Steps:::

<think >

<image_16-59-16_1_5.jpg>

#% Thought =

The current status shows that the Chrome browser is open and
displaying the Google search page. The previous subgoal was to
open the Chrome browser, which has been completed. The next
step in the plan is to search for “Following movie runtime”. I
need to type this into the search bar.

#% Action Thought=x

The current screen is the Chrome browser, and the goal is to
search for ”"Following movie runtime”. The search bar is
visible with the text ”Search or type web address”. I need to
tap on this search bar to activate the keyboard and then type
the search query.

s Action s

Tap the search bar to activate the keyboard and prepare to type
the search query.

</think >

<Observation >

<image_16-59-16_1_6.jpg>

xx Observation =
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1. Open the IMDb app. 2. Open the Chrome browser. 3. Search for
the movie “Following” and its length. 4. The keyboard is
activated.

</Observation>
===Stepb===

<think >
<image_16-59-16_1_6.jpg>

#% Thought =

The current status shows that the Chrome browser is open and the
search bar is visible with the text ”Search or type web
address”. The keyboard is activated. The next step is to type
”Following movie runtime” into the search bar.

#x Action Thoughts:

The current subgoal is to search for “Following movie runtime”.
The Chrome browser is open, and the keyboard is activated. The
search bar is visible and ready for input. Therefore, the
next logical step is to type the search query ”Following movie
runtime” into the search bar.

xx Action
Type ”Following movie runtime” into the search bar to search for
the movie’s runtime.

</think >
<Observation >
<image_16-59-16_1_7 .jpg>

#x Observation s

1. Open the IMDb app. 2. Open the Chrome browser. 3. Search for
the movie ”Following” and its length. 4. The keyboard is
activated. 5. Typed ”Following movie runtime” into the search
bar.

</Observation>
===Step7===

<think >
<image_16-59-16_1_7 .jpg>

% Thought s

The current status shows that ”“Following movie runtime” has been
typed into the search bar and the first search suggestion is
Following movie runtime”. To proceed with the search, I need
to tap on the search button or the first search suggestion.
Since the first suggestion is exactly what I typed, tapping on
it will initiate the search.

29
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The current screen shows the Google search page with the search
query “Following movie runtime” already typed in the search
bar. There are also search suggestions below. The first
suggestion is “Following movie runtime”, which is exactly what
we want to search for. To initiate the search, I need to
either tap on the search suggestion or press the Enter key.
Tapping the first search suggestion is a more direct way to
proceed.

% Action
Tap the first search suggestion “Following movie runtime” to
initiate the search.

</think >
<Observation >
<image_16-59-16_1_8 .jpg>

*xObservation s

1. Open the IMDb app. 2. Open the Chrome browser. 3. Search for
the movie ”"Following” and its length. 4. The keyboard is
activated. 5. Typed “Following movie runtime” into the search
bar. 6. The search results for ”Following movie runtime” are
displayed , and the movie’s runtime is visible.

</Observation >"

}

b
”solution”: "<answer> 69 minutes </answer>"

Listing 3: Example of Execution Trajectory 3

F TRAINING DETAILS

The model was trained using an iterative Reinforcement Fine-Tuning (RFT) methodology with
Qwen2.5-VL-7B-Instruct as the base model. The training was conducted on a comput-
ing cluster equipped with four NVIDIA A100 GPUs, running Ubuntu 20.04 and utilizing the
ms—-swift framework. The RFT process spanned three iterations. This process was initiated
with a preliminary version of the data, consisting of 278 human-verified trajectories. In each
iteration, the model generated 16 candidate trajectories for each sample from this progressively aug-
mented dataset. These candidates were subsequently scored and filtered by a Process Reward Model
(PRM, gwen-max), with only the high-quality trajectories being retained for the fine-tuning step.
The model was then fine-tuned on this curated data for a single epoch using Low-Rank Adaptation
(LoRA). Key hyperparameters for the LoRA training included a rank of 8, an alpha of 32, and ap-
plication to all linear modules. A learning rate of 1 x 10~% was used with a cosine schedule and a
warmup ratio of 0.05. The training was configured with a global batch size of 128 (achieved with
a per-device batch size of 1 and 32 gradient accumulation steps) and a maximum sequence length
of 16,384 tokens. The entire process was optimized using bf 1oat 16 mixed-precision, DeepSpeed
ZeRO stage 2, and FlashAttention. The parameters of the visual encoder remained frozen throughout
all training iterations.

A APPENDIX

You may include other additional sections here.
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