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Abstract

LLM-based mobile GUI agents usually invoke
large models for nearly every micro-action, mak-
ing real-device automation slow even when sim-
ilar workflows have been completed before. We
present vSpeedU]I, a public real-device demo sys-
tem that turns past GUI experience into fast ex-
ecutable plans. It organizes historical trajecto-
ries into an Executable Experience Graph (EXG),
where UI states are connected by Semantic Step
Summaries with explicit preconditions. At task ini-
tialization, vSpeedUI performs Global Look-ahead
Planning to retrieve, validate, and rank candidate
transitions into a pre-verified plan. During exe-
cution, the agent uses lightweight graph traversal
with state localization, target adaptation, and fall-
back when needed. On HarmonyOS, vSpeedUI re-
duces LLM latency and total task time while main-
taining strong success rates, showing a practical
route toward data-efficient GUI automation. Code
is available at: https://github.com/LARS-research/
vSpeedUI.

1 Introduction

LLM-based mobile GUI agents ‘automate smartphone tasks
by mapping multimodal Ul observations to executable ac-
tions, ranging from vision-grounded action prediction to
structured text/graph-based element selection [Jiang et al.,
2025; Zhou et al., 2025; Zhang et al., 2025; Qin et al., 2025;
Ye et al., 2025].« Their progress is commonly assessed
in realistic interactive environments and robustness bench-
marks [Zhou et al., 2024; Rawles et al., 2025; Chen et al.,
2025]. Despite optimizations in model-side efficiency [Yang
et al., 2025; Christianos et al., 2025], RL-driven predic-
tion [Lu et al., 2026; Yan et al., 2025; Hu et al., 2025], and
verifier-driven pipelines [Dai et al., 2025], most systems still
follow a step-wise perception-reasoning-action loop: they
perceive the screen, invoke LLMs for the next micro-action,
execute it, and repeat. Latency therefore accumulates with
task length, limiting real-time deployment on mobile devices.

This work is motivated by data-efficient agentic learn-
ing [Wang et al., 2026]: capable agents should not solve every
task from scratch, but should organize structured experience,

simplify repeated workflows, and reduce interaction-time rea-
soning cost. Mobile GUI automation is a natural testbed be-
cause users often repeat workflows across sessions, while the
interface may still vary in layout, state, or task parameters. In
this setting, past GUI trajectories should become executable
experience rather than demonstrations placed in context.

We present vSpeedUI, a public real-device demo system
that turns past GUI experience into fast executable plans. The
system organizes historical trajectories into an Executable
Experience Graph (EXG), where semantic transitions store
step intents and state-level preconditions rather than brit-
tle coordinates. At task initialization, Global Look-ahead
Planning retrieves candidate transitions, batch-validates fea-
sibility, and batch-ranks them into a pre-verified execution
plan. During runtime, the agent follows this plan through
lightweight graph traversal with state localization, target
adaptation, and fallback when plan execution is infeasible.
Our contributions are summarized as follows.

* We present vSpeedUI, a public real-device demo system
that turns past GUI experience into fast executable plans
for mobile GUI automation.

* We propose an experience-to-plan pipeline that organizes
historical trajectories into executable transitions and uses
Global Look-ahead Planning to pre-validate and rank can-
didate steps.

* Real-device experiments show that vSpeedUI substantially
reduces total task time while preserving strong success
rates under query variations and growing experience.

2 System Design

Figure 1 illustrates the framework of vSpeedUI. The system
first converts recorded GUI trajectories into executable expe-
rience and then compiles a pre-verified plan at task initial-
ization. Runtime execution follows the plan when grounding
succeeds and falls back to the Base Agent otherwise, so ac-
celeration is conditional rather than hard-constrained.

Executable Experience Graph. We organize historical tra-
jectories into an Executable Experience Graph (EXG) G =
(V, ) (Fig. 1d). Trajectories are collected by a Base Agent
that interacts with the device and user to produce step se-
quences [Dai et al., 2025]. Each node v € V denotes a
UI state and stores a UI tree/HTML snapshot plus a State
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Figure 1: Overview. vSpeedUI converts past GUI trajectories into fast executable plans with EXG. Left (EXG Construction): historical
trajectories are converted into executable experience transitions annotated with Semantic Step Summaries. Middle (Environment): collects
user queries and device observations (Ul dump tree/screenshot). Right (Executable Plan Generation): to make EXG-based plan execution
reliable under UI changes, we perform state localization, state fingerprint verification, and context-aware target adaptation. The Global Policy
executes Look-ahead Planning to batch-validate and batch-rank candidate steps at Step 0 to compile a pre-verified plan.

Fingerprint for task-relevant dynamic attributes. Each di-
rected edge e € & denotes a transition induced by an ac-
tion and stores executable parameters, origin-task metadata,
and a Semantic Step Summary. The summary abstracts raw
events into subtask, a step intent for cross-task matching,
and ui before, state-level Ul preconditions for valid exe-
cution. This representation makes reuse less brittle than co-
ordinate replay: a stored transition can be re-grounded on a
changed screen as long as the state and target remain seman-
tically valid. When new trajectories are ingested, vSpeedUI
merges matching nodes/edges and appends unseen branches,
S0 experience coverage grows continuously with accumulated
runs.

Plan Compilation and Safe Execution. At task start,
Global Look-ahead Planning retrieves candidate EXG edges,
batch-validates their alignment with the user goal, and ranks
valid candidates into a pre-verified executable plan. During
execution, State Localization maps the current Ul to candi-
date EXG nodes via stable UI structure, State Fingerprint
Verification checks task-critical micro-states (e.g., whether a
switch is already toggled), and Context-Aware Target Adap-
tation remaps action targets under Ul drift. Only when lo-
calization, preconditions, and target remapping all pass does
vSpeedUI execute the planned transition. Otherwise it falls
back to the Base Agent, preventing uncertain reuse from ac-
cumulating errors on unseen layouts or dynamic content.

Local vs. Global Policy. The Local Policy (Fig. 1 f.1) per-
forms reactive step-wise matching, which is lightweight but
still reasons during execution. The Global Policy (Fig. 1 £.2)
shifts this reasoning to Step 0: it validates many candidate
edges in parallel and compiles a pre-verified plan before act-
ing. When multiple valid outgoing edges coexist at the same
state, such as different app entry points on the home screen,
a Ranking Agent orders candidates using the global goal and
origin-task context. This resolves long-term intent at initial-
ization and avoids the linear latency accumulation of repeated
step-wise LLM calls.

3 Experiments

We evaluate the demo system along three questions: (i) can
past GUI experience be compiled into fast executable plans?
(i) does pre-verified plan execution reduce latency on real de-
vices? and (iii) does the system remain effective under query
variations and larger experience collections?

Settings. We evaluate vSpeedUI on a Huawei Mate 80 run-
ning HarmonyOS 6, using 10 real-device mobile tasks span-
ning social media, music, e-commerce, settings, maps, and
travel, with an average optimal trajectory length of 8.5 steps;
each task is repeated for 15 trials. Baselines include UI-
TARS [Qin et al., 2025], Mobile-Agent-v3 [Ye er al., 2025],
and GPT-5-based vision/text agents. We report success rate
(SR), LLM inference latency (IL), total time (TT), and plan
execution rate (PER).
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IL TT . PER
Method SR (DT (ystep) ¥ (sitask)* (%)
ULTARS (72B) 447 175 1914 -
MA-v3 (32B) 507 277 2769 -
GPT-5 (Vision) 473 181 1891 -
MA-v3 (GPT-5) 540 564 5150 -
GPT-5 (Text) 640 206 2153 -

vSpeedUI (GPT-5) 933 214 /task 795 93.2

Notes. Total time accounts for system overhead, averaging 4.55s/step, which
covers hardware-level operations such as screenshotting, UI dumping, and envi-
ronment settling time. And method “MA-v3” is “Mobile-Agent-v3”.

Table 1: Main Results.

Benchmarking Comparison. Table 1 shows that step-wise
SOTA agents have moderate LLM inference latency, but their
end-to-end SR remains below 64% and TT is still in the 190~
515s range. In contrast, vSpeedUI (GPT-5) achieves 93.3%
SR and reduces TT to 79.5s. The main gain comes from re-
placing repeated per-step reasoning with a pre-verified exe-
cutable plan, which yields 93.2% PER.

Effectiveness of Experience-to-Plan Policies. Table 2 ab-
lates reuse policies within vSpeedUI. Without experience-to-
plan execution, None Policy reaches 76.7% SR but incurs
59.5s per-step LLM latency and 545.4s per task. Local Pol-
icy improves efficiency (140.5s) using lightweight step-wise
reuse, while Global Policy further improves both reliability
and speed. With GPT-5, Global Policy reaches 93.3% SR,
79.5s TT, and 93.2% PER by shifting LLM reasoning from
repeated online calls to one-time plan compilation.

vSpeedUT Plan Policy SR (%)t 1IL (s) | (S/T;k)¢ 1()%)%
None (GPT-5) 767 595 /step 5454. -
Local (Qwen2.5-7B) 82.7 1.1 /step 140.5 72.9
Global (GPT-4) 860 11.7/task 106.8 " 848
Global (GPT-5) 933 2l4/task 795 932

Table 2: Efficiency under same-query execution.

Handling Query Variations. Table 3 evaluates four query
perturbations: Synonym Paraphrasing (Para.), Step Ad-
dition/Deletion (Decr./Incr.), and Parameter Perturbation
(Param.). Here, “Qwen2.5” denotes “Qwen2.5-7B-Instruct”.
Across both tasks, EXG-based plan execution remains ro-
bust: Local and Global policies retain high SR while sub-
stantially reducing TT versus the Base Agent. Global Policy
is the most stable, achieving perfect SR on Memo and low
TT under paraphrasing, deletion, and parameter perturbation.
The main stress case is step increase on the harder XHS task,
where PER drops and Local Policy SR degrades to 60.0%,
yet Global Policy still preserves 85.7% SR with far lower TT
than the Base Agent.

Scaling with More Experience. We evaluate how
vSpeedUI scales when the EXG accumulates four diverse
tasks (M=1...4): social media search (Xiaohongshu),
task recording (Memo), music playback (QQ Music), and
e-commerce filtering (JD.com). We test the agent on a

Memo (Simple) XHS (Hard)
Method Type PER{T SRt TT| PERtT SRt TT|
Para. 857 887 802 727 733 180.0
Local Decr. 857 933 789 727 86.7 179.7

(Qwen2.5) Incr. 714 887 1243 546 60.0 264.0
Param. 85.7 933 76.8 63.6 733 2344

Para. 100.0 100.0 443 84.6 85.7 135.0

Global Decr. 100.0 100.0 44.0 769 929 171.7
(GPT-5) Incr. 714 100.0 128.8 69.2 85.7 207.6
Param. 100.0 100.0 42.1 769 929 170.1

Base Agent Mixed n/a 933 3346 n/a 73.3 603.0
Note: PER: Plan Execution Rate (%), SR: Success Rate (%), TT: Total Time (s).

Table 3: Robustness results under query perturbations.
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Figure 2: ASA and time vs. experience size M.

new, long-horizon cross-app query (e.g., deciding whether
to_purchase Michael Jackson’s Thriller). Fig. 2 shows that
as M increases, Total Time drops from 1987s to 620s and
Action Selection Accuracy (ASA) rises to 96.02%.

Demonstration. Our Demo Video illustrates vSpeedUI
solving unseen, complex tasks by dynamically “stitching”
transitions from different tasks, showcasing semantic recom-
bination and acceleration over rote replay.

4 Conclusion

We presented vSpeedUI, a public real-device demo system
that turns past GUI experience into fast executable plans. By
organizing historical trajectories into executable experience
transitions and validating candidate plans at task initializa-
tion, vSpeedUI reduces repeated step-wise LLM reasoning
during mobile GUI automation. The demo shows that struc-
tured experience organization and plan execution can serve
as practical mechanisms for data-efficient agentic learning
[Wang et al., 2026]: agents can become faster and more reli-
able not only by using stronger models, but also by better or-
ganizing and executing what they have already experienced.
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