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Abstract

Despite significant advances in LLM-driven
GUI agents, the field remains constrained by
the challenge of reconciling high-fidelity real-
ism with verifiable evaluation accuracy. To
address this, we introduce NaturalGAIA, a
verifiable evaluation dataset grounded in real-
world human GUI interaction intents. By de-
coupling logical causal pathways from linguis-
tic narratives, it rigorously simulates natural
human intent, characterized by cognitive non-
linearity and contextual dependencies. Further-
more, we propose LightManus-Jarvis, a hier-
archical collaborative framework where Light-
Manus manages dynamic topological planning
and context evolution, while Jarvis ensures ex-
ecution precision via hybrid visual-structural
perception. Experiments demonstrate that our
approach achieves a Weighted Pathway Suc-
cess Rate of 45.6%, significantly outperform-
ing the state-of-the-art baseline (21.1%), while
reducing token consumption by 75% and ex-
ecution time by 76%. These results vali-
date the efficacy of the macro-planning and
micro-execution paradigm in handling com-
plex naturalized tasks. Our code is pub-
licly available at: https://github.com/KeLes-
Coding/NatureGAIA.

1 Introduction

Although LLM-driven GUI agents have advanced
significantly (DeepSeek-Al et al., 2025; OpenAl
et al., 2024; Qwen et al., 2025), current research
faces an "Evaluation-Realism Dilemma" (Moham-
madi et al., 2025; Gera et al., 2025). Realistic
benchmarks like OSWorld (Xie et al., 2024) and
RealWebAssist (Ye et al., 2025) lack deterministic
ground truth due to reliance on unstable MLLM
judges or manual verification, preventing accu-
rate measurement of the "reasoning-execution gap"
(Dong et al., 2025; Liu et al., 2025). Conversely,
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traditional static benchmarks (Deng et al., 2023; He
et al., 2024a; Zhou et al., 2023) use simplified, de-
contextualized instructions that fail to capture the
cognitive non-linearity of human intent (Ye et al.,
2025; Zhang et al., 2025a). However, these fail to
capture the cognitive non-linearity of human intent
(Dong et al., 2025; Wei et al., 2025), leading to
overestimated success rates that do not reflect ro-
bustness in unstructured environments (Dai et al.,
2025; Kartik et al., 2025; He et al., 2025).

Simultaneously, existing architectures face sta-
bility issues in long-range, noisy workflows. Main-
stream end-to-end vision models (Wang et al.,
2025a; Niu et al., 2024) often prioritize visual
"shortcut learning" over generalizable procedural
knowledge (Zhang et al., 2023; Cheng et al., 2024).
This monolithic design suffers from a dual bottle-
neck: the lack of dynamic context management
causes semantic drift in long sequences (Zhang
et al., 2025a; Cai et al., 2025), while pure visual
perception is prone to "coordinate hallucinations"
in resource-constrained environments, hindering
fine-grained precision (Yang et al., 2025; Yin et al.,
2025). Therefore, balancing macroscopic planning
coherence with microscopic execution precision
(He et al., 2024b) remains a core unresolved chal-
lenge.

To address the limitations of existing evaluation
methods, we introduce Natural GAIA, a dynamic
dataset currently comprising 276 constructed tasks.
Its core innovation lies in separating underlying
logical structure from linguistic representation via
knowledge-driven causal paths. By integrating a
naturalized narrative layer with a multi-level evalu-
ation framework, Natural GAIA rigorously assesses
agent performance and isolates failure sources,
ranging from intent parsing to execution planning.
This design ensures a focused evaluation of core ca-
pabilities, including implicit intent understanding,
long-horizon planning, and complex tool usage.

To overcome the execution challenges inherent
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Please use IMDB to search for "Oppenheimer"
and tell me who is the first actor. Please use
Wiki to search for the actor and tell me what
sci-fi action movie he starred in in 2005. Please
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Figure 1: Overview of the LightManus-Jarvis framework executing a task from NaturalGAIA. Task Parsing:
The parser decomposes abstract user intents into a structured Task Topology composed of atomic tasks. Workflow
Management: The manager dynamically schedules tasks across heterogeneous agents, employing Context Evolution
to bridge information gaps between steps. Execution & Evaluation: Jarvis execute actions via hybrid perception,
assessed by a hierarchical framework for success rates and error attribution.

in long-horizon tasks, we propose LightManus,
a hierarchical collaborative framework. Adopt-
ing a "macro-planning-micro-execution" paradigm,
the system operates on two levels: at the macro
level, a workflow manager orchestrates task topolo-
gies and manages context evolution; at the micro
level, Jarvis serves as an efficient execution kernel,
achieving precise, coordinate-independent atomic
actions via hybrid perception and chain-of-thought
reasoning. This architecture effectively bridges the
gap between high-level semantic dependencies and
low-level operational barriers.

We evaluate our approach using Natural-
GAIA. Experimental results demonstrate that the
LightManus-Jarvis framework (driven by Claude-
Sonnet-4.5) achieves a Weighted Pathway Success
Rate (WPSR) of 45.6%, significantly outperform-
ing mainstream baselines such as PC-Agent and
Mobile-Agent-e, which score 13.1% and 21.1% re-
spectively. Furthermore, our architecture improves
operational efficiency by reducing token consump-
tion by approximately 75% compared to existing
GUI agents. These findings highlight the effec-
tiveness of the hierarchical architecture in manag-
ing long-term context and precise execution, while
also revealing the remaining challenges in handling

highly ambiguous naturalized narratives.
The main contributions of this paper can be sum-
marized as follows:

1) Propose a new benchmark: NaturalGAIA,
which separates logic and language by causal
paths and narrative layers to evaluate the task
performance of intelligent agents.

2) We design the LightManus-Jarvis layered
architecture, integrating dynamic workflow
scheduling and a high-precision GUI execu-
tion kernel.

3) We complete a comprehensive empirical eval-
uation, revealing the key shortcomings of cur-
rent agents in complex tasks.

2 Related Work

GUI agent research is transitioning from static web
parsing (Zhou et al., 2023; Deng et al., 2023) to
dynamic OS control (Xie et al., 2024; Chai et al.,
2025; Rawles et al., 2024), yet reconciling ecolog-
ical validity with reproducibility remains a core
challenge (Riddell et al., 2024; Fang et al., 2024;
Lin et al., 2025; Zheng et al., 2025). Specifically,
realistic benchmarks (Ye et al., 2025; Xu et al.,
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2024) often lack deterministic verification (Drouin
et al., 2024), relying on unstable or costly eval-
uations (Dai et al., 2025; Lu et al., 2025). Con-
versely, deterministic approaches (Sun et al., 2025;
Valmeekam et al., 2023; Pan et al., 2025) tend to
simplify tasks, failing to assess open-world plan-
ning (Dong et al., 2025; Kartik et al., 2025) or
safety (Andriushchenko et al., 2025). regarding ar-
chitecture, end-to-end LMMs (Wang et al., 2025a;
Niu et al., 2024; Andreux et al., 2025) offer strong
generalization but face computational constraints
on mobile devices (Yang et al., 2025; Yin et al.,
2025; Zhang et al., 2025b). Meanwhile, modu-
lar frameworks (He et al., 2024b; Li et al., 2025;
Hong et al., 2024; Shang et al., 2025) improve in-
terpretability but struggle with context drift and
cross-modal alignment in long sequences (Huang
et al., 2025; Mao et al., 2025; Zhang et al., 2025a;
Cai et al., 2025). Moreover, integrating symbolic
logic with neural planning (Choi et al., 2025; Wei
et al., 2025) remains a significant unresolved bot-
tleneck.

To address these challenges, we propose Natu-
ral GAIA, which decouples logical pathways from
linguistic narratives to enable verifiable evaluation
under realistic ambiguity. We further introduce the
LightManus-Jarvis architecture, which coordinates
macro-level context evolution with micro-level hy-
brid perception to ensure both long-horizon plan-
ning consistency and precise on-device execution.

3 NaturalGAIA

Natural GAIA evaluates robustness by decoupling
logical structure from linguistic presentation. We
employ a three-stage pipeline to instantiate interac-
tion "Naturalness" across five dimensions—Long-
horizon Chaining, Cross-domain Grounding, Cog-
nitive Non-linearity, Informational Redundancy,
and Contextual Dependency—unifying logical
rigor with realistic ambiguity.

3.1 Methodology for Building Naturalized
Causal Pathways

As shown in the figure 2. To ensure scalability, we
replace ad-hoc manual creation with a systematic
process addressing the dimensions above.

Path Generation and Atomic Task Defini-
tion (Long-horizon Chaining) We formalize a
Causal Path (CP) as a traversal sequence P =
{e1 ™5 ep... ™™ e,,1} on a knowledge graph.
Each step, retrieving e;4; from e; via r;, is an

Step 1: Path
Generation

Attribute-Based
App Mapping

Logical Causal Path
(Atomic Tasks)

T1: Entity Atfribute
3 "Media"
N

Atomic Task
Selection

Knowledge

Nodes Candidate App

T T .
P={e; 4, ey — en+1} Spotify

Step 3: Narrative Injection & Cognitive Simulation

A. Sequence Shuffling & Noise B. Contextual Parameter Resolution
Introduces non-linear ordering and
irrelevant noise to test Dependency
Resolution

Replaces explicit constants with
references fo test State Persistence

Figure 2: Natural GAIA build process. This is a three-
stage build process, namely Path Generation, Tool
Grounding, and Narrative Injection & Cognitive Simu-
lation.

atomic task—the smallest interaction unit—where
ei+1 1s the deterministic ground truth. By instantiat-
ing dependencies via structured knowledge graphs
(e.g., Wikidata), we prevent overfitting and enable
long-horizon reasoning, ensuring every task has a
verifiable solution grounded in real-world data.

Attribute-Based Tool Mapping (Cross-domain
Grounding) To address cross-domain scenarios,
we map atomic tasks to applications based on tar-
get entity attributes. For instance, a task retrieving
music metadata is mapped to candidate apps (e.g.,
Spotify) via the "media" attribute. This separates
logical dependencies from interface implementa-
tions, ensuring Natural GAIA evaluates core reason-
ing rather than interface memorization.

Narrative Injection and Cognitive Simulation
To simulate the remaining cognitive dimensions,
we wrap rigid CPs in a natural language layer in-
troducing two key challenges:

Non-Linear Sequencing & Noise Filtering: Hu-
man intent rarely adheres to a strict logical se-
quence. We simulate this by shuffling the sequence
of atomic intents and injecting irrelevant noise.
This compels the agent to filter noise from the dis-
ordered input and reconstruct the valid execution
topology, thereby testing its capacity for depen-
dency resolution.

Context-Dependent Parameter Resolution: We
introduce referential ambiguity by replacing ex-
plicit constants with context-bound references.
This necessitates dynamic context grounding: the
agent must recognize that operation targets are an-
chored to prior execution outputs, requiring a per-
sistent state to resolve abstract pointers into con-
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crete parameters.

Running Example: Figure 3 illustrates our
end-to-end pipeline. By extracting a determinis-
tic causal path and wrapping it into a Naturalized
Query that conceals intermediate nodes, we force
the agent to implicitly resolve hidden entities to
reach the final verifiable goal.

The specific building principles and processes
for Natural GAIA are given in the appendices A
and B.

3.2 Multi-level Evaluation Framework

To precisely evaluate agent performance within
Natural GAIA and meticulously identify the root
causes of errors, this study constructs a hierarchi-
cal evaluation framework. This framework en-
ables comprehensive scrutiny from macroscopic,
difficulty-weighted task completion down to micro-
scopic error attribution.

Level 1: Weighted Pathway Success Rate
(WPSR) To account for task complexity, we in-
troduce a difficulty score D; ; for each task instance
¢ of a Causal Pathway CP;. This score is propor-
tional to the number of nodes in the pathway and
the number of distinct applications involved in its
corresponding task. WPSR is defined by weight-
ing each successful completion (Sgaek(j,7) = 1)
by its normalized difficulty Wjq = Dj,i/ Zk I Dk,ls
where the sum in the denominator is over all task
instances across all pathways.

WPSR = > " wj.; - Stask (J, ) M
j?i
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 traver-
sal quality.

Mean Atomic Tasks Completion Ratio
(MATCR): This metric quantifies an agent’s abil-
ity to successfully complete sequences of atomic
tasks. For each task sequence j within the bench-
mark, 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.

1 N
MATCR = v Z;
J:

k;

1

2

Positional-Weighted Atomic Tasks Success
Rate (p-ATSR): This metric evaluates an agent’s
ability to maintain long-term coherence by assign-
ing 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
1. The p-ATSR is then defined as:

Z;’V:I Z:Lil () - Satomic (J, 7)
Sy i p(i)

where Saomic(j,7) = 1 for a success at step i of
pathway 7, and O otherwise.

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

p-ATSR =

3)

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

Knowledge Deficit (KD): Lack of domain/proce-
dural knowledge for the operation.

Perceptual Error (PE): Correct intent but failed
information extraction from the UI.

Operational Error (OE): Correct perception but
imprecise action execution.

3.3 Task Difficulty Stratification

To enable systematic evaluation, we stratify tasks
into three levels based on the topological complex-
ity of their underlying Causal Pathways, specifi-
cally considering path length (number of nodes)
and cross-application dependencies.

Level 1 (Basic): Short pathways (1-2 nodes) con-
fined to 1-2 applications, testing basic sequential
execution.

Level 2 (Intermediate): Pathways of 3-4 nodes
requiring transitions across 3-5 applications, chal-
lenging context maintenance.

Level 3 (Advanced): Long pathways (5-7 nodes)
spanning up to 7 applications. These require ad-
vanced planning and memory to manage intricate
inter-node dependencies.

Finally, we constructed 276 tasks. Detailed
statistics and examples are provided in Appendix C
and C.3.
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B Step 1: Causal Path

Explicit transition relationships based on knov

The Joker and the Queen

Tenerife Sea X (Album)

Note: The instructions hide the intermediate nodes Taylor Swift and

Q Step 2: Naturalized Query

“I'm trying to find a specific album on Spotify. It was released in 2014 by the male artist who recently
collaborated on the 2022 track ‘The Joker and the Queen’ with the famous singer born in West Reading (the
one whose father is Scott Swift). Can you identify the album that contains the track ‘Tenerife Sea'?"

, requiring the Agent to have long-term

tracking capabilities across applications.

@ Step 4: What the Verifier Checks

In long-term execution, the agent needs to derive the following inferences

from its internal logic or intermediate steps in order to continue:

NaturalGAIA's validator operates independently of the executing agent, performing two automated checks

Answer Match: Checks if the agent's final output text Oge contains the Ground Truth |“X” or (X (Album)” .

® Atomic Output 1 (Wikipedia) “Taylor Swift"

State Validation: The evaluation plugin captures a screenshot and XML view tree of the moment the agent submits the

answer. The validator checks if the final state S,y is indeed on the “X (Album)" page within the Spotify app.

Final Output "X (Album)*

This ensures path-invariant evaluation: finding the answer on the proper inferface prevents static-knowledge cheating

Figure 3: An end-to-end running example illustrating the Natural GAIA pipeline: (i) Causal Path extraction,
(ii) Naturalized Query generation simulating cognitive ambiguity, (iii) Expected Atomic Outputs required for
progression, and (iv) What the Verifier Checks to ensure path-invariant evaluation.

4 The LightManus-Jarvis Collaborative
Framework

To address the complex semantic dependencies and
cross-platform barriers inherent in long-horizon
tasks, we propose the collaborative LightManus-
Jarvis architecture.  This framework adopts
a "macro-planning-micro-execution" paradigm:
LightManus functions as the system’s macro-hub
responsible for global topology planning, cross-app
scheduling, and long-term memory management;
while Jarvis is designed as a specialized micro-
kernel for high-precision instruction grounding on
mobile devices.

4.1 LightManus: Macro-Scheduling and
Memory-Driven Flow Management

LightManus aims to bridge the gap between ab-
stract user intents and concrete device operations.
It serves not only as an initial task decomposer
but also as a dynamic scheduling hub, maintaining
global context memory and adjusting subsequent
plans in real-time based on subtask feedback.

Semantic Parsing and Topology Generation
The core of the perception layer is the Task
Parser (Py). Faced with long-horizon user intents
I,ser—which often imply complex logical struc-
tures such as strict sequential dependencies, paral-
lel execution, or cross-application operations—we
model Py as a constrained planning generator.
Based on the capability library A, it deconstructs
unstructured [, s, into a logically complete task
topology 7T

T =PLuser,A) = (11,72,...,78)  (4)

Each atomic task 7; is formalized as a quintuple
(D;,Ci, o, &, o), providing the downstream exe-
cution with the operation descriptor, context depen-
dency slot, optimal executor route, runtime envi-
ronment, and lifecycle state, respectively.

Memory-Driven Context Evolution At the exe-
cution layer, to address information fragmentation
caused by heterogeneous environment isolation in
long-term tasks, LightManus abandons static linear
execution in favor of an "Execute-Perceive-Evolve"
closed-loop strategy.

Context Evolution Mechanism: Traditional
static instructions fail when subsequent steps de-
pend heavily on the output of preceding ones (e.g.,
using prior search results as current query key-
words). Therefore, we introduce a Context Evo-
lution module &4 that is tightly coupled with the
system’s global memory. Before scheduling task
Ti+1, the system injects the execution feedback r;
from the preceding task 7; into the global memory
and dynamically updates the original description of
Ti+1, generating a semantically enhanced descrip-
tor Dj ;:

Dé.}.l < 5¢(Ti+1-Draw7 7;) )

This mechanism enables implicit parameter pass-
ing, transforming unstructured natural language
feedback from upstream into executable structured
parameters downstream, effectively suppressing se-
mantic drift during long-sequence execution. The
final system response () is a recursive aggrega-
tion process driven by real-time feedback, supple-
mented by a consistency check V(r;) to ensure
evidence reliability.
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4.2 Jarvis: High-Efficiency Android GUI
Execution Agent

As the execution core on mobile devices, Jarvis is
designed to address the common problems of high
inference latency and severe coordinate illusions
in existing pure-vision solutions. Through hybrid
perception and structured mapping, Jarvis achieves
efficient and robust single-agent execution.

Hybrid Visual-Structural Perception To over-
come the limitations of pure vision while preserv-
ing visual semantics, the Observer module employs
a hybrid strategy to construct the observation o;:

or = (V(&), T(Xy)) (6)

Specifically, V(I;) processes the adaptively com-
pressed screenshot I; to capture unstructured visual
semantics with low token overhead. Meanwhile,
to eliminate coordinate illusions, 7 (X}) leverages
the Android Accessibility interface to retrieve the
underlying layout tree X;, pruning it via a view-
port semantic filter Sy = Nodes(X;) N Vyis N Zint.
The retained elements are mapped to quadruples
(UID, Class, Text, Bounds), where the unique UID
provides an unambiguous anchor for the LLM, sig-
nificantly improving operation accuracy.

Reasoning and Atomic Action Generation The
Agent Core is driven by a multimodal Large Lan-
guage Model (LLM). The input prompt P; =
T @ hy—1 @ oy integrates the context-enhanced in-
struction Z, historical trajectory memory h;_1, and
the current hybrid observation.

Chain-of-Thought Decision Making: Jarvis en-
forces an explicit Chain-of-Thought (CoT) mech-
anism. The policy function 7y first generates a
natural language reasoning path th;, analyzing the
gap between the current interface state and the task
objective, and then generates standardized action
instructions a;:

(the,ar) ~ mo(- | Pt) (7)

Atomic Action Space: To ensure execution deter-
minism, we map semantic actions a; to underlying
ADB control signals. The defined atomic action
space A includes:

* TAP(u): Precise clicking based on UID coor-
dinate resolution, completely avoiding pixel
prediction errors;

* INPUT(u,txt): A hybrid input strategy that
prioritizes simulating a physical keyboard

to trigger predictive text, while reverting to
broadcast injection for special characters;

* SWIPE/DRAG for gesture control and SYS(k)
for system-level navigation.

In summary, Jarvis achieves a precise map-
ping from abstract instructions to physical sig-
nals through a closed loop of Perception —
Reasoning — Action:

(th, a) = argmax By ((th,a) | Py),
(th,a) (8)

act ((tAha d)a ¢(Xt))

We present a complete execution trajectory in
the Appendix D.

phy __
at =

5 Experiment

Baseline Env Obs Space
PCA Desktop Scrn (Vision)
MAe Android Scrn (Vision)
UI-TARS Android  Scrn + XML (Hybrid)
LightManus-MAe  Android Scrn (Vision)
LightManus-Jarvis ~ Android  Scrn + XML (Hybrid)

Table 1: Comparison of observation spaces across base-
lines.

5.1 Setup

Experimental Environment. Experiments are
executed on an Ubuntu 20.04 server. The Android
testing environment is an Android Studio emulator
(Android 11.0, 6 vCPUs, 8 GB RAM). The Win-
dows environment is a VMware virtual machine
(Windows 11, 8 vCPUs, 12 GB RAM).

Baselines & Observation Spaces. We compare
LightManus with PC-Agent (PCA) (He et al.,
2024b), Mobile-Agent-e (MAe) (Wang et al.,
2025b), and UI-TARS (Qin et al., 2025). An abla-
tion variant, LightManus-MAe, isolates the macro-
planner’s contribution. As Table 1, our independent
verifier strictly enforces a unified State Validation
standard (capturing screenshots and XML) across
all models to ensure an absolutely consistent evalu-
ation.

Foundation Models. We test multiple MLLM
backends for generalizability: closed-source mod-
els (Gemini 2.5/3 Pro/Flash, GPT-5.2, Claude-
Sonnet-4.5) and open-source models (Qwen3-max,
Qwen3-plus, and Qwen3.5-397b-al7b).
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Level-1 Level-2 Level-3 Overall

Method SR MAT SR MAT SR MAT SR MAT

(P@1/4) WPSR CR ATSR (P@1/4) WPSR CR ATSR (P@1/4) WPSR CR ATSR (P@1/4) WPSR CR ATSR
PC-Agent
Gemini-2.5-Pro 40.0/66.7 429 608 59.1 10.0/40.0 100 43.1 320 0.0/200 7.6 249 159 20.0/457 13.1 455 257
Mobile-Agent-e
Gemini-2.5-Pro 46.7/100.0 589 742 689 10.0/60.0 20.0 50.0 41.0 0.0/30.0 12.7 244 175 229/68.6 21.1 53.0 304
Gemini-2.5-flash 40.0/80.0 464 60.0 56.1 0.0/50.0 150 425 330 0.0/200 127 150 138 17.1/543 18.0 42.1 244
LightManus_Mobile-Agent-e
Gemini-2.5-Pro 73.3/100.0 634 71.7 713 20.0/70.0 27.5 53.1 445 10.0/40.0 203 299 252 40.0/743 283 544 363
Gemini-2.5-flash 53.3/80.0 634 742 713 0.0/60.0 225 50.0 420 0.0/30.0 127 205 16.1 22.9/60.0 225 519 30.1
GPT-5.2 60.0/ - 57.1 667 61.0 30.0/- 300 300 300 200/- 186 200 17.6 40.0/- 272 429 264
Claude-Sonnet-4.5 60.0/ - 57.1 60.0 56.1 40.0/- 400 575 49.0 20.0/- 203 367 284 429/- 31.1 526 377
LightManus_Jarvis
Gemini-2.5-pro 73.3/100.0 75.0 783 77.4 40.0/70.0 425 70.6 63.0 20.0/50.0 27.5 50.8 422 48.6/77.1 383 683 524
Gemini-2.5-flash 66.7/933 69.6 758 73.8 30.0/60.0 37.5 656 57.0 10.0/30.0 203 32.5 27.5 40.0/65.7 32.0 60.5 415
Gemini-3.0-pro 73.3/100.0 81.2 83.3 82.3 40.0/70.0 450 75.0 67.5 30.0/60.0 34.7 55.5 46.7 51.4/80.0 44.1 73.0 57.0
Gemini-3.0-flash 86.7/933 812 86.7 84.8 30.0/70.0 47.5 68.8 60.8 30.0/40.0 27.1 40.1 322 543/71.4 404 682 46.7
GPT-5.2 66.7 /- 643 767 70.7 40.0/- 40.0 40.0 40.0 40.0/- 40.7 400 412 51.4/- 437 557 443
Claude-Sonnet-4.5 66.7 /- 643 733 683 50.0/- 500 700 650 40.0/- 39.0 56.7 456 543/- 456 67.6 539
Qwen3-max 53.3/86.7 58.0 625 61.0 30.0/70.0 37.5 394 385 10.0/30.0 203 20.0 20.6 34.3/65.7 30.5 43.8 30.6
Qwen3-vl-plus 46.7/73.3 455 558 53.7 20.0/40.0 27.5 438 38.0 10.0/30.0 127 189 152 28.6/514 215 41.8 264
Qwen3.5-397b-al7b 60.0/93.3 59.8 642 62.8 30.0/60.0 37.5 46.2 43.8 20.0/40.0 229 23.8 239 40.0/743 322 475 343
UI-TARS-1.5-7b 33.3/80.0 42.0 56.7 530 0.0/30.0 10.0 412 31.0 0.0/20.0 7.6 142 124 143/48.6 13.0 40.1 226

Table 2: Main results on the Natural GAIA. SR (P@1/4) denotes Success Rate at Pass@1 and Pass@4. Bold
indicates the best performance, and underline indicates the second best. Note that for Claude and GPT series, only

Pass@1 is reported due to computational constraints.

Model Token Usage Duration (s)
Input  Output  Total

MAe 377,200 50,780 427,980 2015.4

LightManus-MAe 378,300 51,850 430,150 2046.9

LightManus-Jarvis 98,700 13,900 112,600 505.8

Table 3: Efficiency analysis on long-horizon Level-3
tasks using Gemini-3.0-Flash. The reported values rep-
resent the average metrics across 5 identical L3 tasks
(averaging 5.4 atomic tasks).

5.2 Main Results

Table 2 presents the experimental results of differ-
ent agent architectures and foundation models on
Natural GAIA. Overall, the proposed LightManus-
Jarvis architecture significantly outperforms base-
line methods across all metrics. The results not
only validate the effectiveness of the architecture
itself but also reveal complex interactions between
model capabilities and task difficulty.

Architecture Effectiveness: Asymmetry of
Gains Our empirical results strongly corrobo-
rate the superiority of the "macro-planning-micro-
execution" paradigm. Using Gemini-2.5-Pro as
the foundation model, merely introducing the
LightManus scheduler boosts the WPSR of MAe

from 21.1% to 28.3%; further integrating the
Jarvis executor yields a significant leap to 38.3%.
This asymmetry indicates that optimizing planning
alone fails to resolve perceptual hallucinations;
Jarvis’s high-precision atomic operations are cru-
cial for success.

Regarding long-horizon coherence (measured
by p-ATSR), LightManus-Jarvis (52.4%) also
significantly outperforms MAe (30.4%). A
more compelling finding is that even with the
lightweight Gemini-2.5-Flash, our architecture’s
p-ATSR (41.5%) surpasses MAe equipped with a
stronger foundation model. This proves that our ar-
chitecture maintains long-sequence context consis-
tency, effectively compensating for the limitations
of weaker foundation models.

Model Performance: Task-Driven Divergence
The performance of different models does not scale
linearly with parameter size but exhibits a diver-
gence trend highly correlated with task characteris-
tics.

Lightweight models (e.g., Gemini3-Flash)
demonstrate superior immediate instruction-
following capabilities in Level-1 basic tasks
(WPSR 81.2%), even outperforming the larger
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Gemini-3.0-Pro. Our analysis suggests that for
short-horizon, linear tasks, efficient intuitive
instruction mapping is more effective than complex
logical scrutiny, as the latter can sometimes lead to
"over-interpretation" of simple directives.

However, when facing Level-3 complex tasks
laden with cognitive non-linearity and cross-
domain dependencies, models with strong logi-
cal reasoning capabilities (e.g., Claude-Sonnet-4.5
and Gemini-3.0-Pro) exhibit irreplaceable robust-
ness. For instance, while Claude-Sonnet-4.5 per-
formed typically in Level-1 due to hypersensitivity
to instruction noise, its powerful logical deduction
and noise filtering abilities enabled it to achieve
the highest Mean Atomic Tasks Completion Ra-
tio (MATCR 56.7%) in Level-3. By examining
execution logs, we found that while some open-
source models (e.g., Qwen3-Max) possess reliable
single-step execution skills, their long-horizon log-
ical coherence decays as steps increase, making
them struggle with complex contextual dependen-
cies.Similarly, while UI-TARS-1.5-7B performs
adequately on Level-1, its Pass@1 drops to 0%
on Level-3, directly exposing its vulnerabilities in
long-horizon logic decay.

Task Difficulty and Error Propagation Perfor-
mance declines non-linearly as task difficulty rises,
validating the challenges introduced by the "Natu-
ralness" of Natural GAIA. For instance, Gemini-3.0-
Pro’s WPSR drops from 81.2% (Level-1) to 34.7%
(Level-3). However, its relatively high MATCR
(55.5%) in Level-3 reveals a disparity between lo-
cal step execution and global task completion. We
attribute this failure to two distinct factors consis-
tent with our framework: (1) Intent Parsing Fail-
ures, where models struggle to decompose ambigu-
ous, natural language instructions into correct plan-
ning topologies; and (2) Cumulative Error Prop-
agation, where minor deviations in atomic opera-
tions accumulate over long horizons, causing the
execution chain to fracture. This highlights that
high success rates depend on both precise semantic
disambiguation and robust error-correction mecha-
nisms.

Supplementary Experiments. To validate gener-
alizability, we evaluated LightManus-Jarvis on the
independent AndroidWorld benchmark and com-
pared it against Mind2Web on a pure-web subset
(details in Appendix E).

Success
9%
PE SCE
Agent Type LLM Model
—— LightManus-Jarvis Claude-Sonnet-4.5 Gemini-2.5-Pro

GPT5.2
Gemini-2.5-Flash

Gemini-3.0-Flash
Gemini-3.0-Pro

-- LightManus-MAe

Figure 4: A comparative analysis of the failure rea-
sons of different GUI agents and LLM backends. The
chart categorizes errors into three main types: Knowl-
edge Deficit (KD), Planning & Reasoning Errors (PRE),
Operational Errors (OE), Perceptual Errors (PE), and
Structural Compliance Errors (SCE)

5.3 Error analysis

To analyze the bottlenecks limiting agent perfor-
mance, we categorize failure cases into five types:
Knowledge Deficit (KD), Planning & Reasoning
Errors (PRE), Operational Errors (OE), Percep-
tual Errors (PE), and Structural Compliance Errors
(SCE). Figure 4 and the detailed statistics reveal
three key observations. We have provided specific
examples of several errors in the Appendix F.

Execution Remains the Primary Bottleneck
Across all architectures, OE consistently consti-
tutes the primary failure mode, ranging from 19%
to 30% even in advanced models like Claude-
Sonnet-4.5. This bottleneck stems not merely from
layout variability, but from the dynamic instabil-
ity of mobile environments. First, high-density
GUI contexts often induce visual hallucinations re-
garding element coordinates. Second, a temporal
mismatch exists between reasoning and execution:
the inherent latency of LLM inference allows inter-
face states to drift (e.g., sudden pop-ups) before the
action is applied. Furthermore, reliance on discrete
static observations rather than real-time monitoring
leaves agents vulnerable to transient state changes,
resulting in precise actions being executed on ob-
solete states.
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Efficacy of the Specialized Execution Module
Comparing LightManus-MAe with LightManus-
Jarvis validates the design of our Jarvis micro-
kernel. For Gemini-2.5-Pro, upgrading to the Jarvis
architecture reduced PE from 7.1% to 3.3% and OE
from 25.6% to 20.0%. This reduction demonstrates
that the hybrid visual-structural perception mech-
anism in Jarvis effectively mitigates "coordinate
illusions" and improves the accuracy of element lo-
calization, confirming that a specialized execution
agent is superior to general-purpose visual execu-
tion.

The Reasoning-Execution Trade-off We ob-
serve a distinct divergence between abstract plan-
ning and concrete execution. Claude-Sonnet-4.5,
despite achieving minimal PRE (2.9%), struggles
with high OE and KD (11.4%). In contrast, the
Gemini-3.0 series maintains a more robust balance.
Crucially, we find that KD is inversely correlated
with model scale. Larger models leverage extensive
parametric memory to recall diverse app-specific
workflows, evidenced by the lower KD in Gemini-
3.0-Pro (5.5%) compared to its Flash counterpart
(6.9%). This suggests that robust agent perfor-
mance relies on the synergy of two distinct capa-
bilities: logical reasoning for topological planning
and scale-driven domain knowledge for procedural
grounding.

5.4 Efficiency Analysis

Beyond accuracy metrics, we evaluate the opera-
tional efficiency of the proposed framework. As
presented in Table 3, when handling the most com-
plex long-sequence Level-3 tasks, Jarvis demon-
strates superior efficiency compared to the GUI
agent MAe. Specifically, Jarvis reduces total to-
ken consumption by approximately 74% (112,600
vs. 427,980) and shortens task duration by 75%
(505.8s vs. 2015.4s). Furthermore, compared to
MAe, the ablation variant LightManus-MAe intro-
duces negligible overhead (+31.5s, +1.1k tokens),
proving that our macro-planner provides global
context management with extremely low computa-
tional cost. By replacing redundant visual encoding
with a lightweight hybrid perception mechanism,
our approach significantly minimizes inference la-
tency and deployment costs.

6 Conclusion and Discussion

This study highlights the "Evaluation-Realism
Dilemma" constraining GUI agent research. By

introducing Natural GAIA, we provide a method-
ology to decouple logical rigidity from linguis-
tic naturalness. Furthermore, the LightManus-
Jarvis framework validates the efficacy of the
"macro-planning-micro-execution" paradigm in
mitigating semantic drift and execution noise. Ex-
periments demonstrate that this hierarchical ap-
proach significantly enhances robustness and ef-
ficiency compared to existing baselines. We
hope this work offers valuable insights into the
reasoning-execution gap and serves as a founda-
tion for developing more robust, ecologically valid
autonomous systems.

Limitations

Our work entails limitations in both benchmark
construction and agent efficacy. First, the pursuit
of verifiable determinism constrains task diversity.
To ensure rigorous ground truth, we exclude dy-
namic or irreversible scenarios (e.g., e-commerce,
real-time messaging), which consequently narrows
the scope of supported applications compared to
open-ended environments. Second, scalability is
bottlenecked by manual verification. Although task
generation is automated, validating the topological
logic currently relies on human experts, as existing
agents lack the capability for reliable automated
quality assurance. Finally, regarding the agent,
inference latency and cumulative error propaga-
tion remain unresolved. The temporal mismatch
between MLLM inference and dynamic interface
changes can lead to state drift, and minor execution
deviations in long-horizon tasks still pose risks of
cascading failure.
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A Design Principles for Natural GAIA

To ensure the benchmark rigorously evaluates agen-
tic capabilities in realistic scenarios, we formulate
a set of strict design principles governing the gener-
ation of high-complexity tasks (referred to as Level-
3 complexity). These principles enforce structural
integrity, logical determinism, and ecological va-
lidity.

I. Structural Complexity and Cross-Domain
Scope

* Long-Horizon Composition: To challenge
the agent’s context maintenance capabilities,
each main task must be composed of a se-
quence of atomic interactions (typically N >
6). These atomic tasks are explicitly delimited
in the logical skeleton, preventing ambiguous
task boundaries.

e Multi-App Collaboration: The task execu-
tion must necessitate context switching be-
tween distinct application environments. We
enforce a minimum diversity constraint (e.g.,
interacting with at least three distinct appli-
cations), ensuring the agent is evaluated on
cross-domain grounding rather than single-
app proficiency.

I1. Determinism of Atomic Outcomes

» Explicit Textual Output: Every atomic task
must yield a verifiable result presentable in
text format. This enables automated evalua-
tion of intermediate steps.

* Uniqueness and Objectivity: The output
space of each atomic task must be constrained
to a single, unambiguous ground truth (Deter-
ministic Causality). Ambiguous queries yield-
ing multiple valid answers are strictly pruned
during the generation phase.

* Temporal Stability and Freeze-Frame
Strategy: To ensure reproducibility, tasks pri-
oritize time-invariant knowledge (e.g., histor-
ical data, physical constants). For scenarios
inevitably involving time-sensitive informa-
tion (e.g., "current stock price"), we employ
a Freeze-Frame Strategy: the information
is solidified at the moment of capture into a
local static snapshot (e.g., a cached page or
screenshot). The ground truth is then vali-
dated against this static context rather than the
live web, eliminating drift caused by temporal
latency.

III. Logical Dependency Chain

e Strict State Dependency: The task struc-
ture enforces a rigid sequential dependency,
where the output O; of the atomic task at step
t serves as a mandatory input parameter for
step ¢ + 1. This creates an unbreakable "infor-
mation flow."
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* Chain Irreducibility: The dependency chain
is designed such that a failure in any preceding
node renders subsequent steps theoretically
executing impossible. This "Fail-Stop" mech-
anism ensures that agents cannot bypass rea-
soning steps through hallucination or guess-
ing.

IV. Grounding Specification

* App-Specific Designation: Each atomic task
is explicitly mapped to a specific target appli-
cation within the defined schema. The bench-
mark rejects ambiguous instructions that do
not imply a clear tool selection.

* Verifiable Execution Path: Alongside the fi-
nal answer, the benchmark records the canon-
ical operation path (the sequence of edges tra-
versed in the knowledge graph) as the Golden
Path. This facilitates granular error analysis
beyond simple success/failure metrics.

V. Ecological Validity of Tools

* Popularity-Based Selection: To ensure the
benchmark reflects real-world utility, the se-
lection of applications follows the principle
of ecological validity. We prioritize applica-
tions with high market penetration (e.g., top-
ranked apps in global stores!), ensuring the
agent learns to interact with interfaces relevant
to the general user population.

B Details of Task Creation Pipeline

The construction of Natural GAIA is grounded in
the semantic structure of Wikidata, utilizing its
RDF (Resource Description Framework) triples to
instantiate a realistic GUI environment. We formal-
ize the pipeline into six stages: Semantic Substrate
Analysis, Information Space Definition, Subgraph
Construction, Causal Skeleton Generation, Natural
Language Mapping, Human Verification Protocol,
and a Case Study.

B.1 Data Structure and Semantic Substrate

We select Wikidata as the semantic substrate for
our benchmark. Structurally, Wikidata is a labeled
multidigraph where the fundamental data unit is
an RDF triple (s, p, 0), denoting a subject s linked
to an object o via a predicate p. This structure

'Data reference: Google Play Store rankings via https:
//play.google.com/store.

provides two methodological foundations for task
generation:

1. Deterministic Causality: Unlike unstruc-
tured text, RDF triples provide unambiguous
logical transitions. For instance, if a task re-
quires identifying a "director," the predicate
P57 provides a deterministic edge from a
movie entity to a person entity, eliminating
ambiguity in logical reasoning.

2. Ontological Isomorphism: The class hier-
archy in Wikidata (defined via P31 instance
of and P279 subclass of ) mirrors real-world
taxonomies. This allows us to project the
global graph into specific domain contexts
using strict ontological rules rather than arbi-
trary node connections.

B.2 Definition of Application Information
Spaces

To simulate a multi-application environment, we
define an Information Space (Z,,,,) for each ap-
plication. An information space is not merely a
collection of entities but a constrained subgraph
defined by a tuple (7, R,.A):

* Root Classes (7): The set of entity types
allowed within the application (correspond-
ing to type_filter in configuration). For
example, a music app includes classes such as
"Musical Recording" and "Artist".

* Navigable Relations (R): The specific Wiki-
data predicates that function as interactive
transitions within the GUI (corresponding to
actions). Anedge in the graph is instantiated

as a clickable link only if its predicate belongs
to R.

* Attribute Space (A): The set of properties
visible on an entity’s profile page (correspond-
ing to constraints). These attributes serve
as metadata for filtering and verification.

Figure 5 illustrates a configuration snippet for
the "Spotify" application. The action view_artist
maps the predicate P175 to a transition from a
Track to an Artist, while properties like P577 (pub-
lication date) constitute the observable attribute
space.

A critical property of our design is that the
information space of any vertical application is
a proper subset of the general knowledge space
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"Spotify": {
"description”: "Music streaming
service...",
"entities"”: {
"Track": {
"type_filter":
]

// Root Classes: Musical Recording

["Q218818", "Q7366"

, Song

"constraints”: ["P175", "P577", "P
136"7,

// Attribute Space: Performer,
Date, Genre

"actions”": {

"view_artist": {

"target”: "Artist”,
"relation”: "P175",
// Navigable Relation: P175 (

Performer)
"intent”: "find the performing
artist”

Figure 5: Configuration snippet defining the Informa-
tion Space for the Spotify application.

(e.g., Wikipedia), denoted as Zyertical C Lwiki-
This ensures that Wikipedia acts as a connectiv-
ity guarantor: when no direct path exists between
atomic tasks in vertical apps, the agent can utilize
Wikipedia as a hub to bridge disconnected compo-
nents, enabling long-horizon task continuity.

B.3 Subgraph Construction with Type
Inference

We employ a seed-based expansion strategy to con-
struct the evaluation subgraph. To ensure adher-
ence to the defined schema, we implement a deep
type inference mechanism during traversal. Instead
of retrieving all neighbors, the crawler verifies the
class hierarchy of each neighbor using the SPARQL
property path wdt:P31/wdt:P279%. A node is in-
cluded in the subgraph only if its ancestral classes
intersect with the target application’s Root Classes
(7). This filters out ontological noise and ensures
logical consistency within the generated environ-
ment.

B.4 Causal Skeleton Generation and
Cardinality Constraints

We generate the logical skeleton of a task via con-
strained random walks on the constructed sub-
graph. A step in the causal path is defined as

St = (vp, e, v;,, C), generated as follows:

1. Primary Node Transition (v, — vl’)): The
primary node represents the focal entity of the
current interface (e.g., an Album). The system
selects an edge e based on the application’s
navigable relations R to transition to the next
primary node v, (e.g., the Artist).

2. Application Switching: The predicate of
edge e determines the next active applica-
tion. For instance, selecting P175 activates
the music application, whereas P57 activates
the movie database.

3. Cardinality Constraints and Secondary
Nodes (C): Relations in Wikidata are often
one-to-many (e.g., an artist has multiple al-
bums). To uniquely identify the target node
v;,, the system retrieves distinctive attributes
from the attribute space A of v]’J (e.g., release
year, genre). These attributes form the set of
Secondary Nodes C.

In the final task, these Secondary Nodes serve as
discriminative constraints (e.g., "the pop album
released in 2014"). The agent must utilize these
visible attributes to filter candidates and resolve
branching ambiguities.

B.5 Natural Language Mapping and
Cognitive Simulation

The logical skeleton is transformed into a natu-
ral language instruction using a Large Language
Model (LLM). This process follows a "Hide-and-
Describe" principle to simulate cognitive chal-
lenges:

* Hiding Intermediate Nodes: Intermediate
primary nodes in the path are redacted from
the instruction. The agent is provided only
with the start node and the final intent, requir-
ing it to infer the traversal path.

* Constraint Description: The discriminative
constraints (C) selected in the previous stage
are converted into natural language descrip-
tors. For example, the structured constraint
(P577 : 2014) is rewritten as the relative
clause "released in 2014".

* Narrative Injection: To simulate diverse user
intents, the logical conditions are wrapped
in varying narrative templates (e.g., "Explo-
ration," "Vague Recollection"), increasing the
pragmatic complexity of the instruction.
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B.6 Human Verification Protocol

While the pipeline described above is automated,
ensuring the fidelity of the benchmark requires a
Human-in-the-Loop (HITL) verification stage. We
employ a rigorous two-step validation protocol for
the generated tasks:

Step 1: Solvability Check Human annotators
act as the agents. They are provided with the initial
instruction and the environment constraints (the
specific versions of the Apps). Annotators must
attempt to solve the task following the generated
logical path. Any task where the ground truth can-
not be deterministically reached—due to interface
updates, data obsolescence, or graph ambiguity—is
flagged and discarded.

Step 2: Consistency Verification Reviewers in-
spect the alignment between the generated Natural
Language Query (from Section A.5) and the Logi-
cal Skeleton (from Section A.4). They verify that:

* The natural language query does not acci-
dentally leak the hidden intermediate entities
(Spoiler Check).

» The query contains sufficient linguistic cues
(e.g., accurate descriptions of constraints) to
logically deduce the next step without ambi-

guity.

Only tasks that pass both solvability and consis-
tency checks are included in the final Natural-
GAIA release.

B.7 Case Study: From Graph to Natural
Instruction

We illustrate the pipeline with a generated example.

1. Logical Skeleton Generation The generator
performs a random walk involving Wikipedia and
Spotify:

* Step 1 (Wikipedia): Place — Person. Transi-

-1
tion: West Reading Lt Taylor Swift. Con-
straint (Cy): Father is Scott Swift; Occupation
is Singer-songwriter.

* Step 2 (Spotify): Person — Track. Transi-

-1
tion: Taylor Swift DA, The Joker and the

Queen. Constraint (Cy): Released in 2022;
Co-artist is Ed Sheeran.

¢ Step 3 (Spotify): Track — Co-Artist. Tran-

sition: The Joker and the Queen B, pa

Sheeran. Constraint (Cg): Genre includes Pop
music.

* Step 4 & 5 (Spotify): Artist — Track —
Album (Goal). Transition: Ed Sheeran —
Tenerife Sea — X (Album). Constraint (Cs):
Released in 2014; Label is Asylum Records.

2. Naturalization The LLM converts the skele-
ton into a user query, hiding intermediate entities
like "Taylor Swift" and "Ed Sheeran":

"I’'m trying to find a specific album on
Spotify. It was released in 2014 by the
male artist who recently collaborated on
the 2022 track *The Joker and the Queen’
with the famous singer born in West
Reading (the one whose father is Scott
Swift). Can you identify the album that
contains the track ’Tenerife Sea’?"

3. Resolution Logic The agent must resolve
the dependency chain: (1) Identify Taylor Swift
via the "West Reading/Scott Swift" constraint on
Wikipedia; (2) Locate the 2022 collaboration to
identify Ed Sheeran; (3) Navigate to Sheeran’s pro-
file to find the 2014 album containing "Tenerife
Sea". This demonstrates the benchmark’s ability to
create rigorous long-horizon tasks requiring cross-
app information retrieval and state tracking.

C Details of Data Statistics and
Environment

C.1 Task Complexity Distribution

Table 4 presents the statistical characteristics of the
Natural GAIA dataset across varying difficulty lev-
els. The dataset is stratified into three levels based
on the length of the causal chain. For each stratum,
we quantify the average count (Avg) and distri-
bution range of both Tools Involved and Atomic
Tasks. The data exhibits a strong positive correla-
tion between difficulty level and structural complex-
ity: Level-3 tasks require, on average, interaction
with 4.4 distinct applications and a sequence of 5.7
atomic operations. This distribution confirms that
Natural GAIA successfully captures a wide spec-
trum of complexity, from simple single-step re-
trievals to long-horizon, cross-domain reasoning
chains.

C.2 Application Ecosystem and Information
Spaces

To ensure ecological validity and broad coverage,
Natural GAIA integrates a diverse ecosystem of
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Table 4: Statistical Distribution of Task Complexity in NaturalGAIA

Difficulty Level Count Unique Tools Atomic Tasks
Avg Range Avg Range
Level 1 (Simple) 133 1.5 1-2 1.9 1-2
Level 2 (Medium) 92 2.3 2-4 3.7 3-4
Level 3 (Hard) 51 4.4 3-7 5.7 3-7
Overall 276 2.6 1-7 3.1 1-7

25 applications, prioritizing platforms that host
Immutable Historical Records or Fixed Physical
Attributes. As detailed in Table 5, the selec-
tion strictly adheres to the "Determinism Princi-
ple": apps like FlightAware (Historical Flights)
and Steam (Software Specs) provide indisputable
verification sources that are immune to temporal
drift.

C.3 Task example of Natural GAIA

Figure 6 presents concrete examples of tasks cor-
responding 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.

D Example of task execution trajectory

As shown in the figl0 and codel, we demonstrate
the complete execution trajectory of a GUI execu-
tion task that consists of 3 atomic tasks.

E Systematic Benchmark Comparison

To clearly demonstrate NaturalGAIA’s unique
niche, Table 6 provides a systematic comparison
with current mainstream benchmarks from multiple
dimensions. Compared to existing works like An-
droidWorld and Mind2Web, Natural GAIA’s core
advantage lies in providing fine-grained traversal
metrics (MATCR, ATSR) to measure the agent’s
intermediate inference progress. Furthermore, by
employing logico-linguistic decoupling and causal
paths, it maintains an infinite number of dynamic
data instances while ensuring strict state verifia-
bility (combining device state with text match),
effectively preventing data contamination.

E.1 Generalization on External Benchmarks
(AndroidWorld)

To dispel concerns regarding the framework’s
feasibility and generalizability, we deployed

LightManus-Jarvis on AndroidWorld, a completely
independent and dynamic verifiable benchmark.
As shown in Table 7, under a unified benchmark,
our system equipped with Qwen3.5-397b-al7b
achieved a success rate of 63.3%, significantly out-
performing the standard MAE. This confirms that
the core contribution of our system lies in the de-
coupling of macro-planning and micro-execution,
rather than simply relying on the design of the un-
derlying accessibility tree.

E.2 Comparative Analysis with Web-Specific
Frameworks (Mind2Web)

Mind2Web is primarily designed for static Web
DOM tree parsing. To ensure a fair comparison,
we extracted a subset of web tasks from Natural-
GAIA that can be completed using only a browser
and tested them using the Mind2Web framework
with the same Qwen3.5 model. As shown in Ta-
ble 8, LightManus-Jarvis significantly outperforms
Mind2Web (Overall SR 31.4% vs 22.9%). This
performance gap stems from two fundamental dif-
ferences: (1) Jarvis’s hybrid vision-structure aware-
ness effectively avoids element positioning failures
caused by relying solely on dynamic, non-standard
DOM trees; (2) The LightManus macro-planner
mitigates semantic drift in long-sequence execu-
tion through Context Evolution, enabling it to main-
tain higher path completion quality in Level-2 and
Level-3 tasks compared to Mind2Web’s static mem-
ory.

F Error Type Examples

Planning & Reasoning Errors (PRE)

Original Task: "I'm trying to settle a debate
about a film score. I need to identify a specific
movie where a certain musician served as the mu-
sic director in 2019. I've totally forgotten his name,
but I know he was the arranger for the title track
of an album released on June 5, 2015. That album
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Table 5: The Application Ecosystem of Natural GAIA

Category Applications Primary Information Space (Sources of Ground
Truth)
Global Knowledge Wikipedia, Google Search Universal Facts: Historical events, geographical

data, official entity names.

Computational Knowledge

WolframAlpha

Scientific Facts: Historical weather data, astronomi-
cal timestamps, chemical element properties, mathe-
matical constants.

Multimedia (Audio) Spotify, Apple Music, NetEase Discography Data: Album release dates, track du-
Cloud ration, artist labels, explicit content tags.
Multimedia (Video) YouTube, Bilibili Video Metadata: Upload timestamps, channel/UP-

loader names, video duration, view count snapshots.

Geo-Spatial

Google Maps, Amap (Gaode)

POI & Navigation: Business addresses, subway
exit numbers, historical traffic data, distance esti-
mates.

Movies & TV

IMDb, Douban

Filmography: Cast lists, director credits, runtime,
release years, award history.

Finance & Commerce

Yahoo Finance, Amazon

Market Data: Historical stock closing prices, prod-
uct dimensions, ISBNs, publication dates.

Sports

ESPN / NBA App

Match Records: Final scores, game dates, player
statistics, MVP awards.

Travel & Logistics

Booking.com,
FlightAware

TripAdvisor,

Itinerary Facts: Hotel check-in policies, historical
flight arrival times, gate records, historical establish-
ment awards.

Digital Entertainment

Steam, Epic Games

Software Specs: Release dates, developer names,
minimum system requirements (OS/RAM), achieve-
ment lists.

System Utilities Messages, Contacts, Calendar, Pho- Local Context: Sender IDs, meeting slots, EXIF
tos, Calculator, Files, Clock timestamps, file paths, alarm settings.

Benchmark Environment Tasks Verifiable State Linguistic Decoupling Evaluation Granularity

Mind2Web Desktop Web 2350  None (Action Match) No Single-level

OSWorld Desktop/Web 369  Cloud/Device State No Single-level

WebVoyager Desktop Web 643 LLM Judge No Single-level

AndroidWorld Android 116 Device State No Single-level

Natural GAIA (Ours)  Android/Desktop 276 Device State + Text Match Yes (Causal Paths) Multi-level (WPSR, MATCR, ATSR)

Table 6: Systematic comparison of Natural GAIA with existing GUI agent benchmarks.

Agent Model Obs. Space SR (P@1)

MAe Qwen3.5-397b-al7b  Screenshot 46.7
LightManus-MAe  Qwen3.5-397b-al7b  Screenshot 50.0
LightManus-Jarvis  Qwen3.5-397b-al7b  Scrn + Ally tree 63.3

M3A UI-TARS-1.5-7b Scrn + Ally tree 333
LightManus-Jarvis ~ UI-TARS-1.5-7b Scrn + Ally tree 36.7 1

finally use Google Search to tell me which movie
he directed the music for in 2019."
Atomic tasks partitioned by LLM:

"Use Google Search to determine which al-
bum includes the song *Crush You into an Ap-

Table 7: Cross-platform verification experiments on the
AndroidWorld benchmark.

belongs to the same singer who performed *Crush
You into an Apple’.

Could you act as a detective? First, use Google
Search to identify the singer of that song. I also
need her debut year for my notes, so please look
that up on Wikipedia. Then, trace back to her 2015
album, find that arranger’s name via Wikipedia, and

ple’, and identify the performer of that album
from the search results snippet/page."

2. "Open the Wikipedia app and search for the
singer of "Alien from the Sky" to find the year
they debuted."

3. "Use Google Search to determine which al-
bum Joker Xue released on 2015-06-05."

4. "Use Wikipedia to open the page for the album
identified in task 3 as being released in 2005,
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Level-1

Question: I was really impressed by the Asian director of 'Everything Everywhere All at
Once'. Could you use Douban to identify him? I'm curious about his earlier work—

Level-2

Level-3

specifically, please check IMDDb to find out which film he directed back in 2016.
Ground truth: 1. Daniel Kwan; 2. Swiss Army Man

Question: Please open the image at /Benchmark/Pic/1776.png and identify
the historical figure depicted. I'm planning a trip to the US city named after
him. First, verify the city's official name on Wikipedia. Then, use Google
Maps to find out its peak tourist months, and check what the average
temperature is there during that specific season.

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]]

Question: Play the video /Benchmark/Video/song.avi to identify the

singer. I want to find a specific track from their 2022 album on Apple
Music—the one named after a cocktail. Once you locate that song, use
Google to find the country where its music video was filmed and identify
its capital city. Finally, check Wikipedia to see when that capital's 'Old City'
was designated a UNESCO World Heritage Site.

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

1776.png

song.avi

/

Figure 6: Task examples of different difficulty levels in NaturalGAIA

Level-1 Level-2

Method

Level-3 Overall

SR (P@1/4) WPSR MATCR ATSR SR (P@1/4) WPSR MATCR ATSR SR (P@1/4) WPSR MATCR ATSR SR (P@1/4) WPSR MATCR ATSR

Mind2Web 40.0/86.7  49.1 58.3 54.9
LightManus-Jarvis  46.7/86.7  56.2 61.7 59.8

10.0/50.0  20.0 36.9
30.0/70.0 325 40.0

330 10.0/30.0 178 292 27.9
38.0 10.0/40.0 203 27.5 26.8

229/60.0 227 439 32.6
31.4/68.6 2838 45.7 34.0

Table 8: Performance comparison between LightManus-Jarvis and Mind2Web on a pure web subset of Natural GAIA.

and identify the arranger of the album’s title
track (the song with the same name as the
album)."

5. "Use Google Search to search the arranger
identified in task 4 and find which film they
served as music director for in 2019."

Error analysis: The Planning & Reasoning Er-
ror (PRE) in this case stems from inconsistent task
granularity during decomposition. The agent com-
bined the dependent steps of "identifying the al-
bum" and "identifying the performer"” into a single
atomic task, causing a 1-step alignment shift for all
subsequent IDs.

Structural Compliance Errors(SCE)

The action given by LLM:
"action”: "clear_text(uid(5))"

Error analysis: "The returned action format is
incorrect. It should be clear_text(5); the format-
ting error caused the action to fail."

Operational Errors(OE)

"The ’Expand All’ button should have been clicked,
but it clicked on Project Satan instead. The click
position was incorrect."

Knowledge Deficits(KD)

Error analysis: The LLM lacks specific knowl-
edge on how to operate Map applications. For
the task of searching for the nearest major com-
mercial district near Jiangnanxi Metro Station,
Guangzhou, Guangdong Province, China, the
model only queried the station name itself. Con-
sequently, it failed to retrieve nearby commercial
information. The correct search query should have
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been: major commercial districts near Jiangnanxi
Metro Station, Guangzhou, Guangdong Province,
China.

Perceptual Errors

Task Description: Use Google to find out which
dynasty China was in during the year 1776.

Error Analysis: The current screenshot already
contains the required answer. However, the LLM
misjudged the situation, and failed to extract the
available information and instead returned to the
home screen, leading to an unnecessary execution
step.
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29
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32 "overall_task”: [
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<image_-10-41_1_1.jpg>
**Thought**
We need to use the IMDb app to search for the movie, so first open IMDb from the

home screen.

*xActionx*
tap(5)

<image_-10-41_1_2.jpg>

**Thoughtx*

IMDb opened successfully but a feedback popup is blocking the app. I need to
dismiss it to access search.

*xAction*x
tap (4)

<image_-10-41_1_3.jpg>

**Thought **

The feedback popup is gone and the IMDb home screen is visible with a prominent
search field. Next step is to open the search input to look up the movie title.

*xAction*x*
tap(13)

<image_-10-41_1_4.jpg>

**Thought **

Search screen is open with an editable field labeled 'Search IMDb'. To find the
movie 'Secret', I should type the title into this field and submit.

**Actionx*
input_text (3, "Secret")

<image_-10-41_1_5.jpg>

**Thoughtx*

The query is entered and results are shown. The top result is the movie 'Secret'
(2007) with cast listed. Open this movie's page to confirm the male lead actor.

*xAction*x
tap(31)

<image_-10-41_1_6.jpg>

**Thought **

Now on the IMDb title page for 'Secret' (2007). To identify the male lead actor,
I need to find the cast/credits section on this page, which likely requires
scrolling down to the 'Top cast' area.

*xAction*x*
swipe ("UP","MEDIUM")

<image_-10-41_1_7.jpg>
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**Thought x*

The swipe did not reveal the cast section yet; we're still near the top with
plot, genres, and rating. To find the male lead actor, I need to scroll further
down until the 'Top cast' appears.

*xAction*x*
swipe ("UP","LONG")

<image_-10-41_1_8.jpg>

**Thought**

The swipe was successful: the Cast section with TOP CAST is now visible. To
identify the male lead actor, I need to view the top cast names; they should be
in the visible list below, so I will scroll slightly to reveal the first cast
entries.

*xAction*x*
swipe("UP","MEDIUM")

<image_-10-41_1_9.jpg>

**Thoughtx*

The swipe revealed the Top Cast list with actor names. The first listed male
actor is Jay Chou, which indicates the male lead. The task is to identify the
male lead actor, so I can complete now.

**Actionx*
finish("0On IMDb for 'Secret', the male lead actor listed in Top Cast is Jay Chou
oMy

"overall_task": [

"Use Wikipedia to search for Jay Chou and find which album he released in
2000."
]

<image_-10-41_2_1.jpg>

**Thoughtx*

We need to use Wikipedia to search for Jay Chou, so first open the Wikipedia app
from the home screen.

*xAction*x*
tap(4)

<image_-10-41_2_2.jpg>

**Thought**

Wikipedia app opened to an onboarding language selection screen that blocks
access to search. To proceed quickly to the app and search for Jay Chou, skip
onboarding.

*xAction*x*
tap(8)

<image_-10-41_2_3.jpg>
**Thought **
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Onboarding was skipped successfully; we are now on Wikipedia Explore with a

banner. To search for Jay Chou, open the

*xAction*x*
tap(15)

<image_-10-41_2_4.jpg>

**Thought**

We're on Wikipedia's Search tab with a vi
step is to tap the search field and type
identify the 2000 album.

*xAction*x*
tap(4)

<image_-10-41_2_5.jpg>

**Thought **

The tap opened the Wikipedia search inter
field visible. Next we need to enter Jay

**Actionx*
input_text (4, "Jay Chou")

<image_-10-41_2_6.jpg>

**Thought**

Search results for Jay Chou are displayed.

Search tab.

sible 'Search Wikipedia' field. Next
Jay Chou to find his page and then

face with the editable search text
Chou to pull up the correct article.

To find which album he released in 20

00, open the main Jay Chou article result.

**xAction**
tap(10)

<image_-10-41_2_7.jpg>

**Thoughtx*

A popup about Wikipedia games is blocking
close it before reading the Jay Chou page

*xAction*x*
tap(5)

<image_-10-41_2_8.jpg>

**Thought**
A modal popup titled "Introducing Wikiped

the article content, so I need to
to find the 2000 album.

ia games” is still blocking the Jay

Chou article; I need to close it using the X in the popup to access the content

and find the 2000 album.

*xAction*x
tap(12)

<image_-10-41_2_9.jpg>

**Thought **

The popups are gone, but a three-dot overflow menu is open covering the article.
I need to dismiss this menu to access the article content and find the 2000
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album.

*xAction**
back ()

<image_-10-41_2_10.jpg>

**Thought **

The overflow menu is now dismissed and I can see the Jay Chou article. To find
the album released in 2000 quickly, I should use the built-in "Find in article”
to search for 2000 or "studio albums.”

*xAction*x*
tap(46)

===Step‘| ===

<image_-10-41_2_11.jpg>

**Thought **

The Find in article bar is open with an input field. To locate the relevant
section about albums released in 2000, I should search within the article for

the year 2000.

*xAction*x*
input_text (56, "2000")

:::Step‘l ===

<image_-10-41_2_12.jpg>

**Thought**

The in-page find for "2000" is active and shows 1/11 matches; we're currently on
the infobox match (Years active 2000-present), not the album release. I should

jump to the next match to find where the 2000 album is mentioned.

*xAction*x*
tap(89)

:::Step‘] 3===

<image_-10-41_2_13.jpg>

**Thought**

The next match (2/11) highlights text stating he made his debut with the studio
album 'Jay' (2000), which answers which album he released in 2000. I should end
the find mode and report the album.

*%*Action**

finish("0On Jay Chou's Wikipedia page, the text says he made his debut with the
studio album 'Jay' (2000). So the album released in 2000 is: Jay.")

Listing 1: Example of Execution Trajectory
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