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Background: Real-World GUI Automation Scenarios

Finance
Expense report entry, invoice verification

Office
Email sorting, report generation

E-commerce
Order processing, product listing

Administration
Attendance statistics, travel booking



Limitation of ReAct

Requires step-by-step LLM inference for every task instance, leading to prohibitive token costs for repetitive tasks

ReAct: Synergizing reasoning and acting in language models. ICLR 2023

https://arxiv.org/abs/2210.03629
https://arxiv.org/abs/2210.03629
https://arxiv.org/abs/2210.03629


Multimodal GUI Agents

Multimodal LLMs enabled agents to interact with real-world GUIs via screenshots

Core: These works demonstrated that LLM agents could reliably handle practical GUI tasks like 

web browsing, email management, and mobile app operation

Limitation: reason and execute one step at a time



Experience-Driven Self-Optimization

Reflexion (2023): Agents reflect on failures to improve future attempts

ExpeL (2024): Extract cross-task rules from offline trajectories

AutoManual (NeurIPS 2024): Our prior work that generates human-readable instruction manuals from interactions

Core Limitation: The manual is used as a prompt for LLM at test time, not as executable code

AutoManual: Constructing Instruction Manuals by LLM Agents via Interactive Environmental Learning, NeurIPS 2024

https://neurips.cc/virtual/2024/poster/95273
https://neurips.cc/virtual/2024/poster/95273


What is Traditional Robotic Process Automation (RPA)?

RPA workflow diagram Example of brittle RPA code

Three Fatal Flaws of Traditional RPA

High Manual Development Cost

Extreme Brittleness

High Maintenance Overhead

Human Expert

Writes Hard-Coded Script

Executes Fixed Actions

Repeats Indefinitely



The Unaddressed Gap: Efficiency for Repetitive Tasks

All existing methods optimize for novel task performance, not repetitive task efficiency.

AutoRPA filled this gap!

Method Human effort Reuse of Experience

Test-Time 

LLM 

Dependency

Token Cost for 

Repetitive Tasks

ReAct Medium None Full Very High

SeeAct/WebVoyager Medium None Full Very High

AutoManual Low Rules/Manuals Full High

Tranditional RPA High None None Extremely Low

AutoRPA (Ours) Low Executable Code
Minimal

Extremely Low



Pain Point: The Dilemma of Existing GUI Automation Paradigms



Core Idea: Learn from Human Automation Thinking

Human approach to repetitive tasks: Explore once, summarize, then execute repeatedly

Complete the task manually once

Summarize general steps

Write scripts/create templates

Batch execute

ReAct Agent explores the task

Translator + Builder extract logic

Generate executable RPA functions

Batch invocation and execution

Exploration

Abstraction

Formalization

Reuse



AutoRPA Overall Architecture



Core Method 1: Exploration Phase -- Hard-Coded to Soft-Coded Translation

Solve the poor robustness of ReAct actions

• ReAct hard-coded actions

• Soft-coded actions generated by Translator



Core Method 2: Generation Phase -- Tree-Structured RAG for Code Synthesis

Top layer:

Trajectory conclusions (Overall task summary)

Middle layer:

Simplified trajectories (Actions + Results)

Bottom layer:

Interaction blocks (Observation + Action + Result + Next Observation)



Core Method 3: Verification Phase -- Hybrid Repair Strategy



Experimental Setup

AndroidWorld
Real Android applications, 116 

task types (Most realistic)

WebArena (Reddit Domain)
Real web environment, 19 task types 

(Most complex)

MiniWoB++
Simulated web environment, 53 task 

types (Most widely used benchmark)

Benchmarks

Compared methods

ReAct paradigm
ReAct†, SeeAct, M3A, SteP

Skill learning
AdaPlanner, AutoManual, AutoGuide



Main Result 1: AndroidWorld (SOTA + 81% Token Reduction)



Main Result 2: MiniWoB++ (94% Token Reduction + Par with AutoManual)



Case Study: Tic-Tac-Toe Code Comparison



Case Study: Tic-Tac-Toe Code Comparison



Thanks for watching!
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