Part Ill: Applications, Data, and Evaluation
Tao Yu
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Agenda

e Agent applications
o in digital world
o in physical world

e Agent data
o via human demonstrations
o via synthesis and simulation
o via internet-scale data

e Agent evaluation
o via benchmarks
o via LLMs/VLMs
o via crowdsourcing
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Agent applications

Agent applications by embodiment
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Agent applications
in digital world



Coding agents

API/functional calling for tool use
e Environment: software systems such as databases, app/web services..
e Observation space: API docs, system info, error messages and logs...

e Action space: function calls, error handling routines...

(a) t-bench setup

. get_user_details book_reservation

Tools cancel reservation update_reservation_flights

Domain policy as system prompt
@d Current time is 2024-5-15 15:00:00 EST.
(2o1) - Basic economy cannot be modified.
- Basic economy cannot be cancelled after 24 hours
Agent of booking... (more rules omitted)

1 User instruction as system prompt
You are mia_li_2017, and want to change the your
most recent reservation to fly to SF instead of LA on
the same day. If change is not possible, you want the
User agent to cancel and rebook ... You are concise.

a

(b) Example trajectory in t-airline

Change flight

get_reservation_details[JK9019]

{‘cabin’: ‘basic_economy’,
‘created at’: 20240514-1800°...} (Read database)
JK9019 is basic economy and cannot
be changed. But since it is within
24h, I can cancel it and book a new
one. Do you want me to do it?

o)
o)

(©

=

.. In that case just cancel it
cancel_reservation[JK9019]

*status’: ‘cancelled’} (Write database)

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

{"order_id": "#W2890441",
"user_id": "mei_davis_8935",
"items": [{
"name": "Water Bottle",
"product_id": "8310926033",
"item_id": "2366567022",
"price": 54.04,
"options": {
"capacity": "1000ml",

"material": "stainless
steel",
"color": "blue"

Yo [0 [

## Return delivered order
- After user confirmation, the order status
will be changed to 'return requested'...

## Exchange delivered order
- An order can only be exchanged if its
status is 'delivered'...

(c) Domain policy excerpts in 7-retail.

(a) An orders database entry in T-retail.

def return_delivered_order_items(
order_id: str,
item_ids: List[str],
payment_method_id: str,

) -> str:

def exchange_delivered_order_items(
order_id: str,
item_ids: List[str],
new_item_ids: List[str],
payment_method_id: str,

) -> str:

{"instruction": "You are Mei Davis in 80217.
You want to return the water bottle, and
exchange the pet bed and office chair to the
cheapest version. Mention the two things
together. If you can only do one of the two
things, you prefer to do whatever saves you
most money, but you want to know the money
you can save in both ways. You are in debt
and sad today, but very brief.",
"actions": [{
"name": "return_delivered_order_items",
"arguments": {
"order_id": "#W2890441",
"item_ids": ["2366567022"],
"payment_method_id":
"credit_card_1061405",
1,
"outputs": ["54.04", "41.64"]1}

(b) An API tool in 7-retail.

(d) User instruction ensures only one possible outcome.



https://arxiv.org/abs/2406.12045

Coding agents

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

O Issue > ( @ Language Model ) E] Unit Tests

data leak in GBDT due to warm J
start (This is about the non- Pre PR PostPR Tests

histogram-based version of... 11 Generated PR

join_struct_col
+20-12 HHEE
O Codebase B sklearn vstack_struct_col
BB sklearn/ D regs.txt [ gradient_boosting.py
B examples/ (3 setup.cfg DO helper.py

[ READMExst [3 setup.py B utils B

dstack_struct_col

matrix_transform

N2
ASAYA YA SR

euclidean_diff

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-SOL Workflows, (Lei et al. 2024)
MLE-bench: Evaluating Machine Learning Agents on Machine Learning Engineering, (Chan et al.. 2024)



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

Graham Neubig

P Carnegie Mellon University @"@
#7»  Language Technologies Institute All HandS AI

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



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

Gaming agents

Digital games
e Environment: game worlds/levels...
e Observation space: screenshots of game states, inventory, location...
e 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
e Environment: web browsers/apps
e Observation space: screenshots, DOM trees, HTML, historical actions...
e Action space: browser/app controls (e.g., click, type, scroll, drag, hover..)

(b) Book a roundtrip on July 1 from Mumbai to
London and vice versa on July 5 for two adults.

(c) Find a flight from Chicago to London on
20 April and return on 23 April.

Please select an appointment type below.

(d) Find Elon Musk's profile and follow, start
notifications and like the latest tweet.

(e) Browse comedy films streaming on Netflix
that was released from 1992 to 2007.

(f) Open page to schedule an appointment for
car knowledge test.

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
e Environment: mobile device systems
e Observation space: screenshots, ally trees, HTML, historical actions...
e Action space: mobile controls (e.g., tap, type, swipe...)

“In the clock app set an alarm for every Saturday at 6 am and called it time to walk”

~ high-level instruction

screenshot + accessibility tree ‘

{Package_name: "com. google. android.deskcloc!
i “com. google.android..."

right: 950
bottom: 1888

iclass_name: "android.widget.Button"
itext: "OK"

“Click on OK option”.
click <866,1825>

“Click on the add button” “Set hour to 6
click <548,1959> click <541,1621>

“Click on the am”
click <840,759>

“Open Clock app” “Go to the alarm section”
open_app <deskclock> click <108,2232>

Ul element metadata

low-level instruction

“Click on OK option” “Go to the label section”

click <488,388>

“Name it time to walk”
input_text <’time
0 walk”s

“Click the OK button”
click <842,918>

lick on Saturday”
wait click <855,820>

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



https://arxiv.org/abs/2406.03679

Universal digital environment

Mobile Web/apps

Coding

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

environment interface agent




Computer use agents

Computer use for universal digital tasks

e Environment: desktop operating systems
e Observation space: desktop screenshots, ally trees, historical actions...

e Action space: keyboard/mouse controls (e.g., click, type, drag, shortcuts)

Task instruction |: Update the bookkeeping sheet W|th my recent transactions over the past few days in the provnded folder.

0 1350
60 1290

1590
00 80
00 790

task initial env state setup

Task Initial State Setup Config
T Observation

scr‘eenshnt ally-tree

& *a input < >
Task Instruction  input Agent -
— é
S les ab = dict i
(See examples above) (e.g., GPT-4V) %{b predic
mouse keyboard

Action

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

oS
o W

Virtual Machine(s)  get env state
ol B Lt
O — Final State
!I =<I @

oS Arbitrary Apps ! Interfaces
OSWorld Environment

Execution-based
Evaluation


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

Oct 22,2024 + 5 minread

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)

Category Claude 3.5 Sonnet (New) - 15 steps

Claude 3.5 Sonnet (New) - 50 steps

Human Success Rate [3]

Success Rate 95% CI Success Rate 95% CI
0os 54.2% [34.3,74.11% 41.7% [22.0, 61.4]% 75.00%
Office 7.7% [2.9,12.51% 17.9% [11.0,24.8]% 71.79%
Daily 16.7% [8.4,25.01% 24.4% [14.9, 33.91% 70.51%
Professional 24.5% [12.5, 36.51% 40.8% [27.0, 54.61% 73.47%
‘Workflow 7.9% [2.6,13.2]% 10.9% [4.9,17.01% 73.27%
Overall 14.9% [11.3,18.51% 22% [17.8,26.2]% 72.36%

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
e Environment: physical world spaces
e Observation space: visual input, sensor readings, physical states,

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

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


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

Agent application overview

Physical agent tasks

e Observation: sensor data streams
e Control complexity: high

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

Digital agent tasks

Observation: screen/Ul states
Control complexity: Low

L CLICKHERE ]

Task distribution: long tail, reasoning-intensive

ogie Ads

Professional workflows

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



Agent data



Agent data example

Task goal aligned trajectories (observation-action pairs)

Task Instruction: | downloaded an episode of Friends to practice listening, but | don't know how to remove the subtitles. Please
help me remove the subtitles from the video and export it as "subtitles.srt" and store it in the same directory as the video.

%9

‘DD D M

pul s
what can't believethis got to getioiis

L
S
2
»
(]
L]

/S,tep/Zfp'yautogui‘typewrite('terminal', interval=0.5) Step 3: pyautogui.click(focus_x, focus_y)

Step 4: pyautogui.typewrite('ffmpeg -i video.mp4 -map Step 5: pyautogui.typewrite('ffmpeg -i video.mp4 -c copy Step 6: Done
0:s:0 subtitles.srt', interval=0.5) -sn no_subtitles_video.mp4', interval=0.5) P o




Agent data: a big challenge!

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

e Complex data collection infrastructure ) So how close to “solved” are we?
* Locomotion — good progress
e Complex observation-action interaction “Navigation — neary done

. . . s * Manipulation — long way to go
I n d |Ve rse e n VI ro n m e nts X 3 “= : Thepblq challenge is data. Much harder to
e Goal aligned trajectories

obtain than for language and vision

Jitendra’s talk @ CoRL 2024

‘ Embodiment Instructions 2 Actions




Scaling agent data

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

Data Pyramid

Project GROOT: 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

Data source Platform  Inner Monologue Avg. Steps  #Trajectory
MM-Mind2Web (Zheng et al., 2024a)  Website Generated 7.7 1,009
GUIAct (Chen et al., 2024a) Website Generated 6.7 2,482
MiniWoB++ (Zheng et al., 2024b) Website Generated 3.6 2,762
AitZ (Zhang et al., 2024b) Mobile Original 6.0 1,987
AndroidControl (Li et al., 2024d) Mobile Original 55 13,594
GUI Odyssey (Lu et al., 2024) Mobile Generated 15.3 7,735
AMEX (Chai et al., 2024) Mobile Generated 11.9 2,991
AitW (Rawles et al., 2024b) Mobile Generated 8.1 2,346
Total 35K

Existing digital agent data

T SRR S R PR SR
Feature V~°“°c pSl‘:“b * ‘io\@ G\“c_,o“ q&gﬁ g é@«“ o o ‘a“\‘é“" o‘z@@‘ \)\g,?» ﬁ\.‘«\‘c
Mobile Manipulation v v v v X v X v X X v
Room-Scale Scenes v v v v X v X X X X X
Realistic Object Physics v X X v v v v v v v v
Al-generated Tasks v X X X X X X X X X X
Al-generated Assets v X X X X X X X X X X
Photorealism v v v X X v X v v X X
Cross-Embodiment v v X v X v X X v X v
Num Tasks 100 - 3 6 100 1000 8 2 10 130 12
Num Scenes 120 - 1 15 1 50 3 - 4 20 1
Num Object Categories 153 - 46 - 28 1265 - - - X -
Num Objects 2509 3578 169 1217 28 5215 15 2144 72 X 40
Human Data v X X v X X v X X v v
Machine-Generated Data, v X X X v X v v v X v
Num Trajectories 100K+ - - - - 0 6K 30K 245K 5K 50K

Existing robotic agent data



Agent data challenge 2: hard to share

Heterogeneous agent data formats
e Data from various platforms and embodied environments produces
different observation and action spaces
e Make data merging and standardization difficult, hindering
development of general-purpose agents

Data'is better when

universally sharable

https://umi-data.github.io



https://umi-data.github.io

Unifying digital agent data

Digital agent data unification
e Observation: screenshots (or ally trees, but not reliable)
e Actions: universal computer mouse and keyboard controls

Category  Action Space

pyautogui.moveTo (x, y)
pyautogui.click(x, y)
pyautogui.write (‘text’)

Basic ) . ,

Actions pyautogui.press (‘enter’)
pyautogui.hotkey (‘ctrl’, ‘c’)
pyautogui.scroll (200)
pyautogui.dragTo(x, V)
browser.select option(x, y, value)
mobile.swipe (from, to)

Pluggable mobJ:_le.home()

Achiohs mobile.back ()

mobile.open_app (name)
terminate (status)
answer (text)

Actions: pyautogui computer control actions
with pluggable actions

Observation: screenshots/ally 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 Collaboration
(hover to display full author list)

AsU L] (\I:'I;::n o @l%\“\l\\\‘;\\\lwll\\ ‘#7 ETHziirich O\ b Google DeepMind Intrinsic iiiiﬁalg
et e s SR UTNIES (2
.NYU &Iﬂﬂﬁ:ﬁl College f} L == University O Berkeley (@) universitatfreiburg P

MAX PLANCK INSTITUTE (4 ‘:' O,Mh“;:w .~ /P"{"\ H/Jl O UC SanDiego ?‘kg:ﬁﬂgf}'gm g e N

QT-Opt > 3 1MEpisodes  from 311 Scenes =
34 Research Labs across 21 Institutions ’ ?

22 Embodlments

. J/ P o
<L
527 Skills

. — i £

pick anythini

pick green chip bag
from counter

set the bowl to
the right side of
pour stack route e table

60 Datasets

place the black
bowl in the dish rack

Door
Opening

Jaco Play ALOHA

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

OmniH20: Universal and Dexterous Human-to-Humanoid

o S[t]ﬂi{gggd g coLumsia L) roxem Whole-Body Teleoperation and Learning
Tairan He* Zhengyi Luo* Xialin He* Wenli Xiao Chong Zhang Weinan Zhang Kris Kitani Changliu Liu  Guanya Shi
U nive rsal M ani p u latlo n I nte rfa ce Carnegie Mellon University ~SHANGHAI JIAO TONG UNIVERSITY
In-The-Wild Robot Teaching Without In-The-Wild Robots CoRL 2024

Human Demonstration i Any Environment for Any Actions for Many Robots
(visual diversity) rsity) (embodiment diversity)

L)
L] |
,'j\\ =9

Universal Manipulation Interface In-The-Wild Robot Teaching Without In-The-Wild Robots, (Chi et al. 2024)
OmniH20: 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

e Universal platform for digital agent data collection and verification

in a unified data format

N AgentNet Documentations

AgentNet Documentations
Overview
Installation
Windows
Mac
Annotation Guidance
Pipeline
Requirements
FAQ
Windows
Mac

AgentNet Annotation Tool

AgentNet annotation tool is an annotation app that collects various types of computer data
(actions such as clicks and scrolls, desktop recordings and webpage HTML etc.) while you work

on your computer tasks.

In order to use AgentNet tool to annotate task examples, you need to first install and setup some
tools (Part 1) and then follow the annotation guideline (Part 2) to annotate qualified task

examples.

« Part 1: Installation: Installation and setup for MacOS or Windows.

« Part 2: Annotation Guidance: Annotation pipeline and requirements.

« Part 3: FAQ (Optional): Frequently Asked Questions and common bugs solutions, for Mac0S

or Windows

A Commercial Use Prohibited

our app ly not fully is Atthis time,
itis d

Commercial use of AgentNet P is inlegal
action. the usage of our tool, p 10 us via email

xywang626@gmail.com or saltypOrridge20@gmail com.

https://junliwang.tech/agentnet-docs

[ ]
¢

[ ] AgentNet Tool

A > Tasks > Export my tasks database in Notion into csv format and upload it to the MS lists to create a new tasks list

Export my tasks database in Notion into csv format and upload it to the MS lists to create a new tasks list

Recording Id: bed4c73d-a61c-482b-a205-1dfabeed2157

Event Clips Data Full Video

Templates

W Hf% 'I" 2 I ‘ - .

P o b e T2 Mo Wy

Travlrequess Trovl requests with app...  Work pogress racker Content scheduler

Step 15/26

single left Click

scroll
scroll E3x23 @x1

single left Click

Click on New list

single left Click

Click on From CSV
single left Click

v
|
o
|
° Click on Lists
|
o
|
@

>



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

Human demonstration is hard to scale

Challenges in scaling human demonstration data collection
e Expensive and complex infrastructure setup
e Expert time & cost
e Task coverage

Possible solutions
e Data synthesis or simulation
e |everaging 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 Al systems

Synatra: Turning Indirect Knowledge into
Direct Demonstrations for Digital Agents at
Scale

yul, Frank F, Xu!, Aman Madaan 1
1, Robe 1, Abishek S 1
2 Dan Roth2 Graham Neubig! Sh Zhou!

ICarnegie Mellon University, 2Amazon AWS Al

Cancel a PayPal payment
[..]

Log in with your

CCancel Amazon Prime membership on Paypal)

task intent i

B <!DOCTYPE html>
. <html lang="en">
<head>

Gedenbaly @goto("https ://www.paypal .com") </he¢E¢.1;‘]
Enter the keyword Bl <body>
Select the payment B « som Ll
[l e Synthetic ; sitckCloging </body>
agent Ttype(“username", " john@example.com”) o html>

— = — trajectory ) C...] observation o,

E = m = generation | —=yy o ("search bar","Amazon Prime") . -

0000||0000 (Synatra) click("Amazon Inc.”, id=156)
Indirect knowledge action history a, ..., a,_, next action a,

Sunatra: 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.

b b i 2l
rage-\ - ﬁ-" ﬂ
y W
B X PRy = N .
AR . ] = EA -
- A ! !
< i sl S ol o :
AR y - -\ | [ =\
%é '-AE% i_-’\'_;;_+
1,
B Yl el - aﬁ ¢l &
<
E A 3 J”"ﬁ AQ Sn on sn 4
___________ LIh A AR Y V. V VY
Distillation / Retrieval Reflection
class BuildCar(Task): I k b
Can you generate winConstruct a simple car structure using blocks and cylinders. " Task Library
the task “build-car”?
# Add wheels.
wheel_size = (0.02, 0.02, 0.02)
I_ P S Ak e '; wheel urdf = 'cylinder/cylinder-template.urdf"
1 Large . construct- color-ordered- Task-Level G lizati
—_— Language , _— — corner-blc&:!(s insertion @ L.VC eneralization
1 | Program  setf.add_goal( imulation
l_Nlo_d_eI_ _ _ 1 Synthesis objs=wheels, Engine 1,
Task Creator matches=np.ones((4, 4)),
Can you generate a new task that is place a black cylinder on each ball-on-box-in-  pyramid-on-

different from the existing ones? side of the base blocks.") container pallet

Sim-to-Real Adaptation
GenSim: Generating Robotic Simulation Tasks via Large Language Models, (Wang et al. 2023)
RoboCasa: Large-Scale Simulation of Everuday 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
e Limited foundation model capabilities
e World knowledge or exploration limitations
e 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!

o GG §

Control actions

So
kind of symbolize that it's important.




Digital agent learning from online

videos

Video PreTraining (VPT): Learning to Act by
Watching Unlabeled Online Videos

Bowen Baker*!  Tige Akkaya*! Peter Zhokhov*! Joost Huizinga*!
i.com ilg .com peterz i.com joos i.com
Jie Tang*! Adrien Ecoffet'!  Brandon Houghton*!  Raul Sampedro*!
ji i.com  adri i.com i.com raulsamg@gmail.com
Jeff Clune*'#

jelune@gmail.com

Collecting “Clean” Data Training the VPT Foundation Model
o reioant, _Z270khours ijtgr for “clean" =Z0khours via Behavioral Cloning
via keywords unlabeled video segments unla_beled
e e Train causal
VPT Foundation Model
ini H ~70k hours
Training the Inverse Dynamics Model (IDM) Labelvidoos __ video - - -

Train non-causal IDM ;
with IDM IDM-labeIed

D& ~2k hours - - with actions
an video oL~ *
> ==

Contractors . p o led with
L)
@0

collect data lons

Figure 2: Video Pretraining (VPT) Method Overview.

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

LAPA: Latent Action Pretraining from Videos

Seonghyeon Ye™, Joel Jang™?,
Byeongguk Jeon', Sejune Joo', Jianwei Yang?3, Baolin Peng3, Ajay Mandlekar?,
Reuben Tan3, Yu-Wei Chao?, Yuchen Lin, Lars Liden3,
Kimin Lee', Jianfeng Gao3", Luke Zettlemoyer?", Dieter Fox24', Minjoon Seo'"
TKAIST 2University of Washington

SMicrosoft Research 4NVIDIA SAllen Institute for Al
* Equal contribution, T Equal advising

Codebook of Latent Actions

1. Latent Action Quantization

Latent Action Pretraining

Genie: Generative Interactive Environments, (Genie Team, 2024)
Latent Action Pretraining from Videos, (Ye et al.. 2024)

Large-Scale Robot Datasets Internet-scale Video Data

Expensive to collect X u Widely available 4

Knock down

the water bottle

2. Latent Pretraining

Requires robot hardware

Human «>robotgap X _ LAPA —

Contains robot actions [ No robot actions X

Pick up the milk and

ot
Robotic Foundation Model

put it in the sink

>

RT-2: Vision-Language-Action Models Transfer Web Knowledge to Robotic Control, (RT-2 Team, 2023)

Action Finetuning


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
e Missing grounded action sequences, environmental state info
e Observation-action alignment
e Unclear task objectives from video alone



ImageNet in agent learning?
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Agent evaluation



Evaluation in the era of LLMs is hard

£y Andrej Karpathy &
‘&)’ @karpathy

Nice, a serious contender to @Imsysorg in evaluating LLMs has entered
the chat.

LLM evals are improving, but not so long ago their state was very bleak,
with qualitative experience very often disagreeing with quantitative
rankings.

This is because good evals are very difficult to build - at Tesla | probably
spent 1/3 of my time on data, 1/3 on evals, and 1/3 on everything else.
They have to be comprehensive, representative, of high quality, and
measure gradient signal (i.e. not too easy, not too hard), and there are a
lot of details to think through and get right before your qualitative and
qguantitative assessments line up. My goto pointer for some of the fun
subtleties is probably the Open LLM Leaderboard MMLU writeup:
github.com/huggingface/bl...



Agent evaluation is even more
challenging...

Challenges in agent evaluation
e Real-world environmental setup complexity
e Task coverage
e Open-ended success criteria
o Multiple valid solution paths
o Cannot script evaluation metrics, need for human judgment
e Evaluation beyond task success

Agent evaluation

e Vvia benchmarks
e vialLLMs/VLMs
e Vvia crowdsourcing



Agent evaluation
via benchmarks



How to define good agent benchmarks?

e Natural and challenging tasks



How to define good agent benchmarks?

e Natural and challenging tasks

e Good agent evaluation framework
o Realistic agent environment
o Automatic initial task state setup

o Automatic task evaluation: execution-based scripts to compare final states

Config Agent
{ "instruction": "Please update my bookkeeping sheet with A o
the recent transactions from the provided folder, detailing g8
my expenses over the past few days.", 2118 . Virtual Machine Platform
"config": [{"type": "download", e Coordinator Prdra et
"parameters": {"files": [
{"path": "/home/user/Desktop/my_bookkeeping.xlsx", Simulator VM1
"url": "https://drive.google.com/uc?id=xxxx"},

{"path": "/home/user/Desktop/receipt_(
"url": "https://drive.google.com/uc?id=xxxx"},..1}1},
("type": "open",
"parameters": { "path":
"/home/user/Desktop/my_bookkeeping.x1lsx"}}],

screen capture
accessibility tree

I}@ vmrun commands;
x Flask d
jpeg", I—) Virtual Machine B commands

Virtual Machine
Controller <———R Control Receiver

status, files, infos....

"evaluator": {"postconfig": [{"type": "activate window",
"parameters": {"window_name": "my bookkeeping.xlsx - Treel
LibreOffice Calc",... ],
"result": {"type": "vm_file", Manager Postprocess
"path": "/home/user/Desktop/my_bookkeeping.xlsx", .
"dest": "my_bookkeeping.xlsx"}, Set-up Getter VMg
"expect {"type": "cloud_file", G
"path": "https://drive.google.com/uc?id=xxx", P Metrics 3 Virtual Machine
"dest": "my bookkeeping_gold.xlsx" } Interpretor i i
y | ping gt . Control Receiver
"func": "compare table", Evaluation ,
"options": { - Interpreter
"rules": [{
"type": "sheet fuzzy",

"sheet_idx0": "RNSheetl",
"sheet_idxl": "ENSheetl",
"rules": [ {"range": [ "Al:A8",... }1}]

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

Browsergum: a Gum Environment for Web Task Automation (Drouin et al., 2024)

Reward by executing eval scripts


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

Robotic task evaluation

BDDL Definitions
Initial conditions BEHAVIOR Activities A  Activity Initial Condition Activity-Relevant Objects Activity Goal Condition
Cinit (:init CIRs (:goal
(not (toggledon 1ight1)) assemblina aift baskets i
E:’Q.fﬁi';il‘;.i?f?“l re-shelving library books (OnTopgbookiftabilel) i Y (i, (s _,BOOK)
(in douga easdgery cleaning bathroom (OnTop book2 tablel) BOOK TABLE CHAIR SHELF (InsideOf book? shelfl)
| o s Sty preserving food ) (OnTop book3 chairl) ‘\""c il s : )
Goal conditions 4 Evaluation
Ggoal BEHAVIOR Objects BEHAVIORVR Demos ~—————  ® Success
S, Gibson 2.0 Scene Dataset l : « Efficioncy
(not. (stained wineglassi)) o
(on wineqlase! tabieciothl) | Valid Activity Instances C InHand(book1) ExecutioninVRor  InsideOf(book1, shelf1)
— — by an Al Agent

(cooked piel)

(on piel platel)
(on platel tableclothl)
)

Steak Properties: Cookable, Sliceable, Freezable, Burnable... Cook temperature: 63 C...

ol Tech

BEHAVIOR-1K Dataset

I
'

time

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



https://arxiv.org/abs/2108.03332

More agent evaluation metrics

Other agent evaluation metrics

e Latency - efficiency AT Agents That Matter

o Compute aware success rate
o Real time evaluation

e Robustness
o Generalization to unseen domains, tasks, apps

Sayash Kapoor*, Benedikt Stroebl*, Zachary S. Siegel, Nitya Nadgir, Arvind Narayanan

Princeton University
July 2, 2024

1.00 V
0.95 Warming (GPT-4) LDB (GPT-4)
G S o o
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& cPT4 o LDB (Reflexion, GPT-3.5) A
& 7 LATS (GPT-4)
© P Reflexion (GPT-4)
5085 ¥
3 | Escalation
< I
I
I
oso f ® LATS (GPT- 3.5)
I -3.
| LDB (GPT-3.5)
]
|
0.75 ". e Complex agent
GPT-3.5 =  Baseline agent
= Zero-shot model
0.70 V
0 5 10 130 135

Cost (USD, measured in April 2024)

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



https://arxiv.org/abs/2407.01502

More agent evaluation metrics

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

!
Would you trust AI to ctii'ntrol this robot?

i

8
o

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



https://arxiv.org/abs/2410.13691

Limitations of agent benchmarks

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

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



Agent evaluation
via LLMs/VLMs



Automatic agent evaluation

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

Policy Evaluation Autonomous Refinement
- User Instruction (®) el me the cost of my latest canceled order ).\ Inference-time Guidance (Reflexion)
Agent Trajectory | €9 ® [Instrucﬁon}
States and actions i
& ‘ \ 28 4 = Oracle Evaluator
Agent Trajector
= " S (Ag ljectory | e GPT-4v 25.9%
E % ‘ ‘ Reflect & = Szzag::: N I\G/I':—t:lal zaff,__________-x
[ |R— N Evalugtor Retry = 24 e
ittt p
rem XFAILURE T 221
= 20.4%
8 sua 2 50 6, 20.2%
. Filtered Behavior Cloning [ B 18.6% 19,0%
( N Y ”, AT
Modular " End-to-End ) ‘3 184 S

®[ﬁ7—>k] ' —

= ol Instructions Evaluator =

toner | Evaluator Evaluator g : 15.6%,’, —_— ; 17.9% 18.1%
= " ( [} J— =i 161 ple
L= L J VLM-based Reasoner o ijeor'es . i
[ LM-based Reasoner

[ Evaluation

X FAILURE

V Baseline success rate w/o Reflexion

Filtered State-Action Pairs 0 1 2 3

Trial Number

("Behavior Cloning

Fine-tuning

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



https://arxiv.org/abs/2404.06474

Automatic agent evaluation

e |everaging coding ability of LLMs to automatically generate reward
functions

e |everaging the world knowledge embedded in VLMs to evaluate task
progress

Generative Value Learning
Qv — — “fold the black dress”

Step1 Step 2 Step 3 Step 4

? 3

Feedback: keep the chair standing

Dense reward function

def compute_reward(self, action):

Step 5

# EE approach chair
Goal: push the chair to the marked position reward += -dist_ee_to_chair
# Keep chair standing
chair_tilt = np.arccos(z_axis_chair[2])
# Stage reward
if chair_tilt < 0.2 * np.pi: )
if dist_ee_to_chair < 0.1: RLtraining  Policy

3

Environment description
class BaseEnv:
self.chair: ArticulateObject
self.robot: DualArmPanda
class ArticulateObject:
self.pose: ObjectPose
# get the point cloud of the object

Rollout
stage_reward += 2

else:

stage_reward = -5
def get_pcd(self) -> np.ndarray[(N,3)] return reward
class DualArmPanda:

# 3D positions of 4 gripper fingers - "
self.ee_coords -> np.ndarray[(4,3)] Expert abstraction OVIonmen

L @ Vision Language Model

Autoregressive
Prediction

100% — 79% —> 24% —> 0% —> 52%

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)



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

Limitations of automatic agent
evaluation

e Limited foundation model capabilities
e Missing personalized task evaluation

Possible solution: how about evaluating agent tasks via crowdsourcing

from real users?
e Personalized and robust success criteria capture
e Diverse task scenarios and environments
e Natural interaction and feedback loops
e Hard to overfit



Agent evaluation
via crowdsourcing



Chatbot arena

‘¥ Chatbot Arena LLM Leaderboard

Chatbot Arena is not embodied for agent evaluation

Backed by over 1,000,000+ community votes, our platform ranks the best LLM and Al chatbots. Explore the top Al models on our LLM leaderboard!

“ Chat now!

A Expand to see the descriptions of 63 models
Modela

how to define language agents?

Comprehensive Overview

Defining Language Agen

L ts are artificial intelligence (Al systems designed to understand, interpret, and generate

human language. They are a crucial component of natural language processing (NLP) and have numerous
i , language translation, and i

licat fields, including customer servi

Key Characteristics of Language Agents:

Lang: can

human language, including grammar,

1.Language
syntax, and semantics.

2. Language Generation: They can generate human-like language, including text, speech, or both,

3. Contextual Awareness: Language agents can understand the context of a conversation or text, allowing
them to respond accurately and relevantly.

4. Learning and Adaptation: They can learm from data, adapt to new situations, and improve their
performance over time.

Types of Language Agents:

ts designed to engage in with humans, often used in

1. Chatbots: These are
customer service or support.

- Ais better < Bis better

# New Round

Model8
how to define language agents?
guag are designed to understand, te, and act upon human
computer use artificial intellig

language. They can be thought of
echniques, primarily natural language processing (NLP) and large language models (LLMs), to interact
with humans and other agents in a natural and meaningful way. Their core function is to mediate between

user's intent expressed in language and the execution of actions or retrieval of information.

Here'sa key aspects defining

. Core Components and Capabilities:
his is the agent's ability to interpret and understand human

Natural Language Understanding (NLU|
anguage input. It involves tasks like text parsing, semantic analysis, intent recognition, and entity
xtraction. The agent needs to decipher not just the words used, but also the underlying meaning and the
sser's goal.

Natural Language Generation (NLG): This refers to the agent's capability to produce human-like text.
t's used for generating responses, summaries, translations, and other forms of textual output. The

enerated text should be coherent, contextually relevant, and grammatically correct.

Knowledge Representation and Reasoning: Language agents often need access to a knowledge base
/' Both are bad

@ Tie

Send

(& Regenerate i Share

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.qi
e an open evaluation platform where users can compare LLM/VLM-based Al
agents performing real-world computer tasks, ranging from general
computer use to specialized workflows like coding, data analysis, and video
editing

o ® [ AgentArena | XLANG Lab x  +

< C 2% arenaxlang.ai & Q W > ) e

N XLANG Lab VLM Agent Arena  Ranking 9

vvvvvvvvvvvvvvv



https://arena.xlang.ai

Current agent arena leaderboard

Computer Agent Arena: https://arena.xlang.qi
e More advanced Al agents are expected to emerge in the near future!

O XLANG Lab Computer Agent Arena ¥’ Leaderboard 2 Login

Computer Agent Arena Leaderboard ., .

Computer Agent Arena by XLANG Lab is an open evaluation platform where users can compare LLM/VLM-based Al agents performing real-world computer tasks, ranging from general computer use to specialized
workflows like coding, data analysis, and video editing

I®

Ranking VLM Agent Correct Rate Win Rate Evaluate Times Overall s
claude-3-5-sonnet-20241022 vision_based 062 077 56 16575
claude-3-5-sonnet-20241022 claude_computer_use 044 055 52 107360

g claude-3-5-sonnet-20240620 vision_based 056 060 34 106610

4 gpt-40-2024-08-06 vision_based 052 054 61 100031

5 claude-3-0pus-20240229 vision_based 013 043 15 99206

6 gpt-4-turbo-2024-04-09 vision_based 029 032 38 89384

7, gpt-40-mini-2024-0718 vision_based 012 027 67 830.81


https://arena.xlang.ai

