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● Agent applications
○ in digital world
○ in physical world

● Agent data
○ via human demonstrations
○ via synthesis and simulation
○ via internet-scale data

● Agent evaluation
○ via benchmarks
○ via LLMs/VLMs
○ via crowdsourcing 



Agent applications
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Agent applications

Agent applications by embodiment
● Digital world

○ Coding agents
○ Gaming agents
○ Mobile agents
○ Web/app agents
○ Computer agents

● Physical world
○ Robotics 



Agent applications
in digital world



Coding agents
API/functional calling for tool use
● Environment: software systems such as databases, app/web services…
● Observation space: API docs, system info, error messages and logs…
● Action space: function calls, error handling routines…

τ-bench: A Benchmark for Tool-Agent-User Interaction in Real-World Domains, (Yao et al., 2024)

https://arxiv.org/abs/2406.12045


Project-level coding tasks 
● Environment: project code repos, filesystems, IDEs…
● Observation space: code files, exe outputs, docs, errors, commit history…
● Action space: code edits, file search/view, test updates…

SWE-bench: Can Language Models Resolve Real-World GitHub Issues?, (Jimenez et al., 2023)
Spider 2.0: Evaluating Language Models on Real-World Enterprise Text-to-SQL Workflows, (Lei et al., 2024)
MLE-bench: Evaluating Machine Learning Agents on Machine Learning Engineering, (Chan et al., 2024)

Coding agents

https://arxiv.org/abs/2310.06770
https://spider2-sql.github.io
https://arxiv.org/abs/2410.07095


Agents for software development
Coding agents won't be our focus in this tutorial.

Agents for Software Development, (Neibig et al., 2024)

https://llmagents-learning.org/slides/neubig24softwareagents.pdf


Gaming agents
Digital games
● Environment: game worlds/levels…
● Observation space: screenshots of game states,  inventory, location…
● Action space: game controls (e.g., drop, move, attack, resource 

management…)

MineDojo: Building Open-Ended Embodied Agents with Internet-Scale Knowledge, (Fan et al., 2022)

https://minedojo.org/


Web/app agents
Web/app use
● Environment: web browsers/apps
● Observation space: screenshots, DOM trees, HTML, historical actions…
● Action space: browser/app controls (e.g., click, type, scroll, drag, hover…)

World of Bits: An Open-Domain Platform for Web-Based Agents, (Shi et al., 2017)
Mind2Web: Towards a Generalist Agent for the Web, (Deng et al., 2023)
WebArena: A Realistic Web Environment for Building Autonomous Agents, (Zhou et al., 2023)

https://proceedings.mlr.press/v70/shi17a.html
https://osu-nlp-group.github.io/Mind2Web/
https://arxiv.org/abs/2307.13854


Mobile agents
Mobile use
● Environment: mobile device systems
● Observation space: screenshots, a11y trees, HTML, historical actions…
● Action space: mobile controls (e.g., tap, type, swipe…)

On the Effects of Data Scale on Computer Control Agents, (Li et al., 2024)

https://arxiv.org/abs/2406.03679


Universal digital environment

Can we study all digital AI agents in a single environment with unified 
observation and action spaces? 

Coding Gaming Mobile Web/apps 



Computer use agents
Computer use for universal digital tasks
● Environment: desktop operating systems
● Observation space: desktop screenshots, a11y trees, historical actions…
● Action space: keyboard/mouse controls (e.g., click, type, drag, shortcuts)

OpenAI Universe, (OpenAI, 2016)
OSWorld: Benchmarking Multimodal Agents for Open-Ended Tasks in Real Computer Environments, (Xie et al., 2024)

https://openai.com/index/universe
https://os-world.github.io


Computer use agents

Introducing computer use, a new Claude 3.5 Sonnet, and Claude 3.5 Haiku, (Anthropic, 2024)
Model Card Addendum: Claude 3.5 Haiku and Upgraded Claude 3.5 Sonnet, (Anthropic, 2024)

Anthropic recent computer use agent results of OSWorld

https://www.anthropic.com/news/3-5-models-and-computer-use
https://assets.anthropic.com/m/1cd9d098ac3e6467/original/Claude-3-Model-Card-October-Addendum.pdf


Agent applications
in physical world



Robotic agents
Robotics for physical interaction
● Environment: physical world spaces
● Observation space: visual input, sensor readings, physical states, 

proprioception…
● Action space: motor controls (e.g., move, grasp, manipulate…)

Project GR00T: A Blueprint for Generalist Robotics, (Fan et al., 2024)

https://rdi.berkeley.edu/llm-agents/assets/jimfangr00t.pdf


Agent application overview
Physical agent tasks

● Observation: sensor data streams
● Control complexity: high

● Task distribution: more concentrated, natural

● Data collection: very hard (simulation)
● Evaluation: very hard (simulation)
● Deployment: complex (sim2real gap)

Digital agent tasks
● Observation: screen/UI states
● Control complexity: Low

● Task distribution: long tail, reasoning-intensive

● Data collection: hard (real env)
● Evaluation: hard (real env)
● Deployment: easy (no sim2real gap)

Coding Professional workflows 



Agent data



Agent data example
Task goal aligned trajectories (observation-action pairs)



Agent data: a big challenge!

Agent data is hard to get directly from 
internet-scale text and videos due to 
embodiment.

Jitendra’s talk @ CoRL 2024

● Complex data collection infrastructure
● Complex observation-action interaction 

in diverse environments
● Goal aligned trajectories



Scaling agent data
Scaling agent data through 
● Human demonstrations 
● Synthesis/simulation
● Internet-scale data

Project GR00T: A Blueprint for Generalist Robotics, (Fan et al., 2024)

https://rdi.berkeley.edu/llm-agents/assets/jimfangr00t.pdf


Agent data 
via human demonstrations



Agent data challenge 1: hard to collect
Human demonstration pipeline
● Task definition 
● Infrastructure setup
● Task initial environment config
● Human demonstration recording
● Data verification 



Agent data: not yet at scale

Existing digital agent data
Existing robotic agent data



Agent data challenge 2: hard to share
Heterogeneous agent data formats

● Data from various platforms and embodied environments produces 
different observation and action spaces

● Make data merging and standardization difficult, hindering 
development of general-purpose agents

https://umi-data.github.io 

https://umi-data.github.io


Unifying digital agent data
Digital agent data unification
● Observation: screenshots (or a11y trees, but not reliable)
● Actions: universal computer mouse and keyboard controls

Actions: pyautogui computer control actions 
with pluggable actionsObservation: screenshots/a11y trees



Unifying robotic agent data
Unifying data from diverse robotic platforms and sensors to enable 
large-scale agent training.

Open X-Embodiment: Robotic Learning Datasets and RT-X Models, (Open X-Embodiment, 2023)
1st Workshop on X-Embodiment Robot Learning @ CoRL 2024

https://robotics-transformer-x.github.io
https://sites.google.com/view/xembodimentworkshop


Unifying robotic agent data collection 
infrastructure

Simplifying and unifying robotic data collection hardwares

Universal Manipulation Interface In-The-Wild Robot Teaching Without In-The-Wild Robots, (Chi et al., 2024)
OmniH2O: Universal and Dexterous Human-to-Humanoid Whole-Body Teleoperation and Learning, (He et al., 2024)
OpenVLA: An Open-Source Vision-Language-Action Model, (Kim et al., 2024)
Octo: An Open-Source Generalist Robot Policy, (Octo Team, 2024)

https://umi-gripper.github.io/
https://arxiv.org/abs/2406.08858
https://openvla.github.io
https://octo-models.github.io/


Unifying digital agent data collection 
infrastructure

Unifying digital agent data collection with our AgentNet tool 
● Universal platform for digital agent data collection and verification 

in a unified data format

https://junliwang.tech/agentnet-docs

https://junliwang.tech/agentnet-docs/


Human demonstration is hard to scale
Challenges in scaling human demonstration data collection
● Expensive and complex infrastructure setup
● Expert time & cost
● Task coverage

Possible solutions
● Data synthesis or simulation 
● Leveraging internet-scale data



Agent data 
via synthesis and simulation



Synthesizing digital agent data
Converting online tutorials into direct training demonstrations, making 
human-oriented instruction materials usable for training AI systems

Synatra: Turning Indirect Knowledge into Direct Demonstrations for Digital Agents at Scale, (Ou et al., 2024)
BAGEL: Bootstrapping Agents by Guiding Exploration with Language, (Murty et al., 2024)
Agent Workflow Memory, (Wang et al., 2024)

https://arxiv.org/abs/2409.15637
https://arxiv.org/abs/2403.08140
https://arxiv.org/abs/2409.07429


Scaling robotic data via simulation
Generating simulation environments and expert demonstrations by 
leveraging LLM’s grounding and coding ability.

GenSim: Generating Robotic Simulation Tasks via Large Language Models, (Wang et al., 2023)
RoboCasa: Large-Scale Simulation of Everyday Tasks for Generalist Robots, (Nasiriany et al., 2024)
SOAR: Autonomous Improvement of Instruction Following Skills via Foundation Models, (Zhou et al., 2024)

https://arxiv.org/abs/2310.01361
https://arxiv.org/abs/2406.02523
https://auto-improvement.github.io/


Synthesizing good agent data is still 
challenging

Challenges in agent data synthesis and simulation 
● Limited foundation model capabilities
● World knowledge or exploration limitations
● Sim2real gap

Possible solution: leveraging internet-scale human demonstration video 
data? 



Agent data 
via internet-scale data



Internet-scale data for agent learning
Numerous videos exist online showing humans demonstrating how to 
perform agent tasks, but without grounded trajectories!

Control actions



Digital agent learning from online 
videos

Video PreTraining (VPT): Learning to Act by Watching Unlabeled Online Videos, (Baker et al., 2022)

https://arxiv.org/abs/2206.11795


Robotic learning from internet videos

Genie: Generative Interactive Environments, (Genie Team, 2024)
Latent Action Pretraining from Videos, (Ye et al., 2024)
RT-2: Vision-Language-Action Models Transfer Web Knowledge to Robotic Control, (RT-2 Team, 2023)

https://arxiv.org/abs/2402.15391
https://arxiv.org/abs/2410.11758
https://arxiv.org/abs/2307.15818


Internet-scale data is not perfect
Challenges in using internet data for agent training 
● Missing grounded action sequences, environmental state info
● Observation-action alignment
● Unclear task objectives from video alone



ImageNet in agent learning?



Agent evaluation



Evaluation in the era of LLMs is hard



Agent evaluation is even more 
challenging…

Challenges in agent evaluation 
● Real-world environmental setup complexity
● Task coverage 
● Open-ended success criteria

○ Multiple valid solution paths
○ Cannot script evaluation metrics, need for human judgment

● Evaluation beyond task success

Agent evaluation
● via benchmarks
● via LLMs/VLMs
● via crowdsourcing 



Agent evaluation 
via benchmarks



● Natural and challenging tasks

How to define good agent benchmarks?



● Natural and challenging tasks
● Good agent evaluation framework

○ Realistic agent environment
○ Automatic initial task state setup
○ Automatic task evaluation: execution-based scripts to compare final states

OSWorld: Benchmarking Multimodal Agents for Open-Ended Tasks in Real Computer Environments, (Xie et al., 2024)
Browsergym: a Gym Environment for Web Task Automation (Drouin et al., 2024)

How to define good agent benchmarks?

https://os-world.github.io
https://github.com/ServiceNow/BrowserGym


Robotic task evaluation

BEHAVIOR: Benchmark for Everyday Household Activities in Virtual, Interactive, and Ecological Environments, (Srivastava et al., 2021)

https://arxiv.org/abs/2108.03332


Other agent evaluation metrics
● Latency - efficiency 

○ Compute aware success rate 
○ Real time evaluation 

● Robustness
○ Generalization to unseen domains, tasks, apps

More agent evaluation metrics

AI Agents That Matter, (Kapoor et al., 2024)

https://arxiv.org/abs/2407.01502


Other agent evaluation metrics
● Safety - will be covered by Diyi

Jailbreaking LLM-Controlled Robots, (Robey, et al., 2024)

More agent evaluation metrics

https://arxiv.org/abs/2410.13691


Limitations of agent benchmarks

Possible solution: leveraging LLM/VLMs to automatically evaluate agent 
tasks?

● Only can write evaluation scripts for very limited tasks, time-consuming
● Cannot script evaluation metrics for open-answer tasks



Agent evaluation 
via LLMs/VLMs



Automatic agent evaluation

Autonomous Evaluation and Refinement of Digital Agents, (Pan et al., 2024)

Automatically evaluate user instructions and arbitrary agent trajectories with 
LLM/VLMs

https://arxiv.org/abs/2404.06474


Automatic agent evaluation

Text2Reward: Reward Shaping with Language Models for Reinforcement Learning, (Xie et al., 2023)
Vision Language Models are In-Context Value Learners, (Ma et al., 2024)

● Leveraging coding ability of LLMs to automatically generate reward 
functions 

● Leveraging the world knowledge embedded in VLMs to evaluate task 
progress

https://text-to-reward.github.io
https://www.arxiv.org/abs/2411.04549


Limitations of automatic agent 
evaluation

Possible solution: how about evaluating agent tasks via crowdsourcing 
from real users?
● Personalized and robust success criteria capture
● Diverse task scenarios and environments
● Natural interaction and feedback loops
● Hard to overfit

● Limited foundation model capabilities 
● Missing personalized task evaluation



Agent evaluation 
via crowdsourcing



Chatbot arena
Chatbot Arena is not embodied for agent evaluation

Chatbot Arena: An Open Platform for Evaluating LLMs by Human Preference, (Chiang et al., 2024)

https://arxiv.org/abs/2403.04132


Agent arena for digital agent task 
evaluation

Computer Agent Arena: https://arena.xlang.ai 
● an open evaluation platform where users can compare LLM/VLM-based AI 

agents performing real-world computer tasks, ranging from general 
computer use to specialized workflows like coding, data analysis, and video 
editing

https://arena.xlang.ai


Current agent arena leaderboard
Computer Agent Arena: https://arena.xlang.ai 
● More advanced AI agents are expected to emerge in the near future!

https://arena.xlang.ai

