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The Promise of AI Agents in Diverse Domains

Figure source: https://mitsloan.mit.edu/ideas-made-to-matter/5-heavy-lifts-deploying-ai-agents 2



“The Length of Tasks AI Can Do Double Every 7 Months”

3https://metr.org/blog/2025-03-19-measuring-ai-ability-to-complete-long-tasks/



More People Use AI Agents for Work 

https://www.anthropic.com/research/how-ai-is-transforming-work-at-anthropic 4



AI Agents Use Affects Productivity, Mastery & More

https://www.anthropic.com/research/how-ai-is-transforming-work-at-anthropic 5



Producing Both Technical and Societal Challenges 
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Why now and why this is relevant for NLP

❏ Agents act through language: reading instructions, calling tools, 
writing documents, coordinating with humans

❏ A work agent is mechanically an NLP system doing grounded 
understanding and generation under a task spec

7

Models that produces text

Models that take actions



Learning Objectives

Core components and design principles behind AI agents for work

Understand key desiderata for building agents that augment human work

Unify and connect key technical components of agent development w.r.t
Long-horizon, self-evolving harness designs
Data synthesis and training backbone LMs
Rubric-based and verifiable test design for agent evaluation

Informed perspective on the societal & economic impact of AI agents at work
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Today’s Tutorial Overview

  9:00-  9:10 Introduction (Diyi Yang)

  9:10-   9:30 Formalizing The Landscape of Work Agent (Diyi Yang)

09:30-10:20 Building LLMs to Augment Human Work (Zora Wang)

10:20-10:50 Coffee Break 

10:50- 11:40  Evaluating LLMs at Work (Yijia Shao)

11:40 - 12:30  Panel Discussion: The Future of Work with LLMs (Diyi Yang, David 
Nguyen, Erik Brynjolfsson, Alex Martin Richmond, Thomas Malone)
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Tutorial Roadmap ACL 
2026

Building AI Agents 
for Work

Evaluating AI Agents 
for Work

Societal and 
Economic Impact

Agent Harness
• Observation, Action, Memory
• Self-Evolving Agent

Training Backbone LM
• Data, Data, Data!
• Synthesizing Environments

Desiderata for Augmenting 
Human Work

Building Dataset from 
Occupational Tasks

Designing Metrics
• Rubric-based Approach
• Building Verifiable Tests via Agents

Evaluating Human-Agent 
Collaboration
• Building HAC Environments
• Isolating Effects

Panel Discussion

• Stanford
• MIT
• OpenAI

Zora Wang @ CMU Yijia Shao @ Stanford

The Landscape of Work Agents
The Reality Check
What agents can and cannot do

Why It’s Hard
Major NLP Challenges

Key Research Questions
Objective, Measurement, Mechanism

Diyi Yang @ Stanford



Part 1: The Landscape of Work Agents

❏ The reality check: what agents can and cannot do 

❏ Why it’s hard: major NLP challenges 

❏ Key research questions: objective, target, measurement,  mechanism

11



AI Agents Performing Well on Benchmarks

12



AI Agents Performing Well on Benchmarks
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The Reality Check: agents fail to collaborate well

The Curse of Coordination: Why Agents Cannot be Your Teammates Yet. Hao Zhu*, Arpandeep Khatua*, Peter Tran, Arya Prabhudesai, Frederic 
Sadrieh, Johann K. Lieberwirth, Xinkai Yu, Yicheng Fu, Michael J. Ryan, Jiaxin Pei, and Diyi Yang. (2025).   https://cooperbench.com/blog.html 14



The Reality Check: high adoption vs. low transformation

Barriers to core workflow integration

NANDA, MIT. "State of AI in Business 2025." Preprint at https://www. artificialintelligence-news. com/wp-content/uploads/2025/08/ai_report_2025. pdf (2025).
15



Part 1: The Landscape of Work Agents

✓ The reality check: what agents can and cannot do 

❏ Why it’s hard: major NLP challenges 

❏ Key research questions: objective, target, measurement,  mechanism

16



Future of Work vs. NLP: Key Technical Challenges

❏ Instruction following under underspecified, real-world task specs

❏ Common ground between humans and agents

❏ Long-context, long-horizon, multi-turn reasoning

❏ Training models against nonverifiable reward signals

❏ Tool / API use and grounding

❏ …

17



Underspecification and Learning to Ask

Learning to ask (Wang et al., 2024)
Interactive agents to overcome 

underspecificity  (Vijayvargiya et al., 2026) 18



Learning to Collaborate via Asking Follow-up Questions 

Wu, S., Galley, M., Peng, B., Cheng, H., Li, G., Dou, Y., ... & Gao, J. (2025). Collabllm: From passive responders to active collaborators. arXiv preprint arXiv:2502.00640.

19
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Long horizons, long context and multi-turn reasoning

Sinha, Akshit, Arvindh Arun, Shashwat Goel, Steffen Staab, and Jonas Geiping. "The illusion of diminishing returns: Measuring long horizon execution in llms." arXiv:2509.09677 (2025). 21



Long horizons, long context and multi-turn reasoning

22



Clarification and Common Ground Often Missing 

Shaikh, Omar, Kristina Gligorić, Ashna Khetan, Matthias Gerstgrasser, Diyi Yang, and Dan Jurafsky. "Grounding gaps in language model generations." NAACL 2024. 
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Clarification and Common Ground Often Missing 

24

SFT show no significant correlation with 
Cohen κ agreement on grounding acts. 
DPO training steps, however, show a 
significant negative correlation 



Training Models against Nonverifiable Reward Signals

25

Gunjal, A., Wang, A., Lau, E., Nath, V., He, Y., Liu, B., & Hendryx, S. (2025). Rubrics as rewards: Reinforcement learning 
beyond verifiable domains. arXiv preprint arXiv:2507.17746.



Training Models against Nonverifiable Reward Signals
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Future of Work vs. NLP: Key Evaluation Challenges

❏ Real deliverables are open-ended, 
multimodal, and hard to grade

❏ Future of work drives new benchmark 
and eval-methodology work 

❏ Failures are not always legible at the 
language level 

27



Eval Challenge: Grading Open-Ended Work

● LLM-as-judge scales well but is biased (e.g., position, verbosity, etc)
● Rubrics make judgement explicit and steerable 
● Construct validity can be fragile (Zhu et al., 2025)

28



Eval Challenge: Reliability, Drift and Cost 

● Evaluation is expensive and a moving target 
● Static benchmark contaminate and saturate
● The same task has many valid paths 

29



Part 1: The Landscape of Work Agents

✓ The reality check: what agents can and cannot do 

✓ Why it’s hard: major NLP challenges 

❏ Key research questions: objective, target, measurement,  mechanism

30



Key Research Questions of Future of Work & AI Agents

1. Who do we optimize for? Understanding latent human objectives

2. What do we optimize? Automation vs. human–agent allocation

3. How do we measure impact? Effects on capability, agency, and labor

4. How do we get there? Learning and interaction 

31



1. Who do we optimize for?  

https://hai.stanford.edu/news/what-workers-really-want-from-artificial-intelligence 32



Human Agency Scale in Human-AI Collaboration

Shao, Yijia, Humishka Zope, Yucheng Jiang, Jiaxin Pei, David Nguyen, Erik Brynjolfsson, and Diyi Yang. 
"Future of Work with AI Agents: Auditing Automation and Augmentation Potential across the US Workforce." arXiv:2506.06576 (2025). 33



Using AI Interviewer to Audit Workforce

34



46.% tasks received strong automation desire
“Automation is not all about replacement”

35



Worker Desire and Technology Capability 

Automation “Green Light” Zone: 
Tasks with both high desire and high 
capability.

Automation “Red Light” Zone: Tasks 
with high capability but low desire.

R&D Opportunity Zone: Tasks with 
high desire but currently low 
capability.

Low Priority Zone: Tasks with low 
desire and low capability.

36



Ranjit, J., Zhou, K., Swayamdipta, S., & Quercia, D. (2026, April). Are We Automating the Joy Out of Work? Designing AI to Augment Work, Not 
Meaning. In Proceedings of the 2026 CHI Conference on Human Factors in Computing Systems (pp. 1-46).



2. What do we optimize for? 
Agent Benchmarks Cover ~5% of Human Work

Agents are increasingly positioned as “digital workers”

But they only capture 3.1% and 2.4% of skills required in real work

Getting Information Software Engineering

Zora Wang, et al.. "How Well Does AI Agents Reflect Real-World Work?" 2026
38



The Landscape of Human Work: Domain & Skill

Accountants & Auditors

Bookkeeping/Accounting Clerks

Dental Hygienists

{Occupation}

Acute Care Nurses

Domain Taxonomy

Information Input

Mental Processes

Interacting with Others

Work Output

Skill Taxonomy

Accountants & Auditors

Administering

Information and Data Processing

{Skill}

Evaluating Information to Determine 
Compliance with Standards

{Fine-grained skill}

Business & Finance Operations

Healthcare Practitioners and Technical

Office & Administrative Support

Architecture and Engineering

{Job Family}

Zora Wang, et al.. "How Well Does AI Agents Reflect Real-World Work?" 2026 39



Analyzing Agent Development Effort

Mental Processes > 
Reasoning and 
Decision Making >…

Skill

Legal > Lawyers >..Domain

40



Distribution of Human Employment and Capital

Employment Capital
Accountants & Auditors

Bookkeeping/Accounting Clerks

Dental Hygienists

{Occupation}

Acute Care Nurses

Domain Taxonomy

Business & Finance Operations

Healthcare Practitioners and Technical

Office & Administrative Support

Architecture and Engineering

{Job Family}

41



Misaligned Distributions on Top-Level Skills

● Agent benchmarks focus on self-contained processes

● Real work requires a mix of skills

42



Skewed Domain Emphasis in Agent Development

Over-centralized 
to Computer and 
Mathematical job

43



Agent Autonomy Across Work Domains and Skills

Agents have limited autonomy

Domain:

● Better at engineering tasks

Skill:

● Better at self-contained 
tasks

44



What do we optimize for? AI agents at work  

● Measure Agent Development Effort

○ Collect all agent benchmarks
○ Map tasks to work taxonomies

● Reveal Issues in Agent Benchmarks

○ Misaligned coverage
○ Not representative of real work

● Translate Agent Scores to Work Utility

○ Measure task complexity & agent autonomy
○ Choose the right level of autonomy

45



3. How do we measure impact? 

46



Transformation to Workplace

~ 80% of the U.S. workforce could have at least 10% of their work tasks affected 

Most affected tasks: writing and programming.

Higher-income jobs (e.g., translators, tax consultants, and web designers) 
potentially face greater exposure

47



Transformation to Workplace

Sample of occupations, tasks, and Detailed Work Activities from the O*NET database
48



LLM Exposure 

No exposure (E0)

-Using LLMs results in no or minimal reduction in time

Direct exposure (E1)

-Using LLMs decreases the time by at least 50%

LLM + exposed (E2)

-Using LLMs does not help but additional tools are needed to achieve time 
reduction by at least 50%

49



Occupations with Highest Exposure 

50



Frequency and success of work activities in Bing Copilot 

51Tomlinson, K., Jaffe, S., Wang, W., Counts, S., & Suri, S. (2025). Working with AI: measuring the applicability of generative AI to occupations. arXiv preprint arXiv:2507.07935.

The 15 IAWs that occur most 
frequently as user goals

The 15 IAWs that occur most 
frequently as AI actions



How do we get there? training/interactivity

52



Labor Market Impacts of AI (Massenkoff and McCrory, 2026)

“Most measures of AI exposure focus on what’s theoretically possible, but there is a large 
gap between capability and deployment. We compared theoretically LLM capability to 
actual theoretical LLM capability to actual automated usage across occupations” 53



Labor Market Impacts of AI (Massenkoff and McCrory, 2026)

Jobs with higher observed coverage are more projected to grow less over the next decade.

54



Labor Market Impacts of AI (Massenkoff and McCrory, 2026)

Limited evidence that AI has affected unemployment so far. But there are early signs that 
hiring of younger workers has showed in exposed occupations. 

55



Employment Changes for Young Workers (Brynjolfsson et al., 2026)

Changes in early-career employment by AI 
exposure, for occupations with below 

median interest rate exposure.

The sensitivity of occupational employment 
to interest rates is negatively correlated to 

AI-exposure. 56



Key Research Questions of Future of Work & AI Agents

1. Who do we optimize for? Understanding latent human objectives

2. What do we optimize? Automation vs. human–agent allocation

3. How do we measure impact? Effects on capability, agency, and labor

4. How do we get there? Learning, interaction and evaluation 

57



Training AI Agents for Work (see Part 2)

Luo, Xufang, Yuge Zhang, Zhiyuan He, Zilong Wang, Siyun Zhao, Dongsheng Li, Luna K. Qiu, and Yuqing Yang. "Agent lightning: Train any ai agents with reinforcement learning." arXiv 
preprint arXiv:2508.03680 (2025).

Aggarwal, Pranjal, Graham Neubig, and Sean Welleck. "Gym-anything: Turn any software into an agent environment." arXiv preprint arXiv:2604.06126 (2026).
58



Evaluating AI Agents for Work (see Part 3)

GDPval

Remote 
Labor Index

59



Part 1: The Landscape of Work Agents

✓ The reality check: what agents can and cannot do 

✓ Why it’s hard: major NLP challenges 

✓ Key research questions: objective, target, measurement,  mechanism
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Tutorial Roadmap ACL 
2026

61

Building AI Agents 
for Work

Evaluating AI Agents 
for Work

Societal and 
Economic Impact

Agent Harness
• Observation, Action, Memory
• Self-Evolving Agent

Training Backbone LM
• Data, Data, Data!
• Synthesizing Environments

Desiderata for Augmenting 
Human Work

Zora Wang @ CMU

The Landscape of Work Agents
The Reality Check
What agents can and cannot do

Why It’s Hard
Major NLP Challenges

Key Research Questions
Objective, Measurement, Mechanism



Session 2: Building AI Agents for Human Work

62

Agent for Work 101:
Orchestrating Harness

● Observation: file, web 
browser, apps

● Memory: facts, 
workflows, …

● Actions: human 
crafted → agent 
self-induced skills

● Self-Evolving Agents

Advanced Agent Dev:
Training Backbone LM

● Mimicking human 
computer activities

● Synthesizing 
agent-style tasks & 
trajectories 

● Synthesizing agent 
exploration 
environments 

Agent Practical Utility:
Augment Human Work

● Solo agent success 
!= practical utility

● Transforming human 
signals to improve 
agents

○ Capability
○ Collaborative



For Long-Horizon Human Work: LMs to Agents

LM Agent

63

single step multi-step survey 
works

summarize 
works

draft report

make slides

summarize 
works



Environment

For Long-Horizon Human Work: LMs to Agents

LM Agent

observe

action

64



How to Construct An Agent Harness

LM 
Backbone

Internal State
~ Memory

LM(•|prompt)
Agent

Environment

observe

action

Observation 
Space

Action 
Space

65



Agents for Work: Example Applications

Software Engineering Web Navigation/Computer Use

Xie, Tianbao, et al. "Osworld: Benchmarking multimodal agents for open-ended tasks in real computer environments."

66



Session 2: Building LLMs for Human Work

67

Agent for Work 101:
Orchestrating Harness

● Observation: file, web 
browser, apps

● Memory: facts, 
workflows, …

● Actions: human 
crafted → agent 
self-induced skills

● Self-Evolving Agents

Advanced Agent Dev:
Training Backbone LM

● Mimicking human 
computer activities

● Synthesizing 
agent-style tasks & 
trajectories 

● Synthesizing agent 
exploration 
environments 

Agent Practical Utility:
Augment Human Work

● Solo agent success 
!= practical utility

● Transforming human 
signals to improve 
agents

○ Capability
○ Collaborative



I. Observation Space

LM 
Backbone

Internal State
~ Memory

P(text|prompt)
Agent

Environment

observe

action

Observation 
Space

Action 
Space

68



Computer Environment: File Systems

Read files in the repository or file directory

John Yang, Carlos E. Jimenez, et al.. "SWE-agent: Agent-Computer Interfaces Enable Automated Software Engineering."

observe
69



Computer Environments: Web Browser

Zhou, Shuyan, et al. "Webarena: A realistic web environment for building autonomous agents."

70



General Computer Screen: Parse with Set of Marks

browser-use: https://github.com/browser-use/browser-use 

71



General Computer Screen: Visual Grounding

Gou, Boyu, et al. "Navigating the digital world as humans do: Universal visual grounding for gui agents." 2024
Xie, Tianbao, et al. "Scaling Computer-Use Grounding via User Interface Decomposition and Synthesis." 2025

72



II. Internal State (~Memory)

LM 
Backbone

Internal State
~ Memory

P(text|prompt)
Agent

Environment

observe

action

Observation 
Space

Action 
Space

73



Procedural Knowledge in Memory: Self-Reflection

Shinn, Noah, et al. "Reflexion: Language agents with verbal reinforcement learning." NeurIPS 2023

74



AWM

baseline

Get the 
coordinates 
of a place

Get the zip 
code of a place

Decide if can 
drive from A to B 
in a given time

Get driving time 
from A to B

Find cafe 
near a place

Display the route 
from place A to B

Find a place 
by its name

Find a Hilton hotel 
near this location, 
then show me the 
shortest walking 
path to a nearby 
supermarket … 

Gap widens to 22.5 
after 40 examples

Procedural Knowledge in Memory: Reusable Workflows

75
Wang, Zora Zhiruo, et al. "Agent workflow memory." ICML 2025



Versatile Knowledge & Structure of Agent Memory

Update agent memory, a.k.a., input context to the fixed LM

Memory 
Categorization

Memory 
Structure

Memory 
Modality

76



Self-Evolving Agent Memory

77
Agrawal, Lakshya, et al., "GEPA: Reflective Prompt Evolution Can Outperform Reinforcement Learning". 2026.



III. Action Space

LM 
Backbone

Internal State
~ Memory

P(text|prompt)
Agent

Environment

observe

action

Observation 
Space

Action 
Space

78



Actions for Computer-Use and Coding Agents

Zora Wang, et al. "How Do AI Agents Do Human Work? Comparing AI and Human Workflows Across Diverse Occupations." 2025.

Common computer-use actions

Agent / application specific 
actions (~ tools)

79



Advanced Actions (Tools) Improves Correctness & 
Efficiency over Primitive Actions

Using Primitive Actions Using Tools

1 step

click(‘12’)

fill(‘310’,”Pittsburgh Weather”)

keyboard_press(“Enter”)

click(‘7100’)

send_msg_to_user(“Sunny”)

… … … … 

check_weather(“Pittsburgh”)

call remote server

weather 
server 

return API output

20 steps �� ��
80

Zora Wang, et al. "What are tools anyway? a survey from the language model perspective." 2024.



Agents Using Human-Engineered Tools

Song, Yueqi, et al. "Beyond browsing: Api-based web agents." 2024
81



Agents Using Human-Engineered Tools Performs Better

Whether API or 
Browsing is better

depends on the 
website

Hybrid enjoys the 
benefit of both

82



SWE-agent: Crafted Agent Action Space

83
Yang, John et al. "SWE-agent: Agent-Computer Interfaces Enable Automated Software Engineering." 2024



Claude Skills: Everyone Can Write Their Own Skills

84

User can 
specify 
preferred 
routines for 
any task



Human-Curated Skills for Various Types of Work

Wang, Zhiruo, et al. "What are tools anyway? a survey from the language model perspective." CoLM 2024.
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When Human-Crafted Skills Are Not Available:
Agents Can Induce Skills Themselves

Programmatic Tasks: Math, Structured Data Analysis, Visual Reasoning

Wang, Zhiruo, Daniel Fried, and Graham Neubig. "Trove: Inducing verifiable and efficient toolboxes for solving programmatic tasks." ICML 2024

86



Agent Self-Inducing Web Browsing Skills

Web Navigation Agents

click("339")  # click “Reports”
click("373")  # click “By Products”

fill("757", "disappointed") # fill the searchbox
click(‘214’) # click search button

send_msg_to_user("There are 127 reviews in our 
store that mention the term 'disappointed'")

def search_reviews(search_box_id: str, 
search_button_id: str, search_term: str):
   """Search for reviews containing a specific term.
   ... ...
   Examples: search_reviews('757', '704', 'great')
   """
   fill(search_box_id, search_term)
   click(search_button_id)

click("226")  # click “Marketing”
click("287")  # click “All Reviews”

search_reviews("833", "708", "decent")

send_msg_to_user("There are 2 reviews in our 
store that mention the term 'decent'.")

def open_marketing_reviews():
   """Navigate to the Reviews section under Marketing.
   Examples:
       open_marketing_reviews()
   """
   click("226")  # Click Marketing menu
   click("287")  # Click All Reviews

open_marketing_reviews()  # find all reviews

search_reviews("833", "708", "not useful")

send_msg_to_user("There are 0 reviews that 
mention the term 'not useful' in our store.")

Find reviews that mention the 
term “disappointed”

Wang, Zora Zhiruo, et. al, "Inducing Programmatic Skills for Agentic Tasks." CoLM 2024
87



High-Quality Skills Are Hard to Curate

88
Li, Xiangyi, et al. "SkillsBench: Benchmarking How Well Agent Skills Work Across Diverse Tasks." 2026.



Scalably Validating Agent-Induced Skill Quality:
Rewriting Task Trajectory and Re-execution 

89

Tell me the number of reviews 
that our store received so far that 
mention the term “satisfied”

NL query

Action
Trajectorypa

st
 e

xp
er

ie
nc

e

click(“Marketing”)

click(“All Reviews”)

fill(757, “satisfied”)

click(“Search”)

send_msg_to_user(“2”)

te
st

open_marketing_reviews()

search_reviews(`757’,`704’,“satisfied”)

send_msg_to_user(“2”)

Induce

sk
ill

s

def open_marketing_reviews():
   """Navigate to the All Reviews section 
under Marketing.
   Examples: open_marketing_reviews()
   """
   click("Marketing")
   click("All Reviews")

def search_reviews(search_box_id: str,
search_button_id: str,search_term: str):
  """Search for reviews with specific term.
  Args: search_box_id: ... ...
  Examples: search_reviews('757', '704', 'great')
  """
  fill(search_box_id, search_term)
  click(search_button_id)

LM

Re-execute to test 
execution success
of induced tools



Agent Self-Induced Tools Boosts Success & Efficiency

34.8% 
more 
accurate

27.2% 
more 

efficient

90

Text SkillNone Text SkillNone



Validated Agent Skills Boosts Success & Efficiency
st

a
ti

c update 
street line 1

update 
street line 2update city name update zip 

code
save 

changes
update state 

name

for “231 Willow Way, Suite 100, Chicago IL, 60601”

terminate 
max steps

start on 
homepage

click('My 
Account')

click('My 
Address')

click('chang
e billing ..')

click('Add new 
address')

click('Addre
ss Book')

redundan
t steps

…redundan
t steps

A
S

I

navigate_to_address_settings('22
7', 'change billing address')

update_address_details('1724', …, 
'231 Willow Way', Suite 100', 
Chicago, 'Illinois', '60601')

start on 
homepage

Reach in one step Update address in one step

update_address_details('1724', ...,
Sycamore Circle', 'Philadelphia', 
'Pennsylvania', '19102')

Update address in one step

I recently moved. Can you change my billing address to “231 Willow Way, Suite 100, Chicago, IL, 60601”? Then, update my 
shipping address to: 987 Sycamore Circle, Philadelphia, PA, 19102.

Wang, Zora Zhiruo, et. al, "Inducing Programmatic Skills for Agentic Tasks." CoLM 2024
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Agent Self-Curated Tools Facilitates Human Verification

● Agents act autonomously
● Humans remain accountable

# get the row for each time stamp
row_2015 = df[df[“Year”] == 2015
row_2016 = df[df[“Year”] == 2016
# get the value for each time
value_2015 = row_2015[“Vacation 
days”].values[0]
value_2016 = row_2015[“Vacation 
days”].values[0]
# calculate the rate of change
rate = (value_2016 - value_2015) / 1

calc_rate_of_change(df, 
“Vacation days”, “Year”, 2015, 2016)

VS

Higher accuracy Faster time

● Oversight must be efficient

Zora Zhiruo Wang, Daniel Fried, Graham Neubig. "TroVE: Inducing Verifiable and Efficient Toolboxes for Solving Programmatic Tasks." ICML 2024
92



Summary: Optimizing Agent Harness

LM 
Backbone

Internal State
~ Memory

P(text|prompt)
Agent

Environment

observe

action

Observation 
Space

Action 
Space

Text: HTML, ax-tree
Image: screenshot, SoT

Human-curated skills 
& Agent-Induced skills

Reflection,
Workflows, …
→ self-evolving

93



Session 2: Building LLMs for Human Work

94

Agent for Work 101:
Orchestrating Harness

● Observation: file, web 
browser, apps

● Memory: facts, 
workflows, …

● Actions: human 
crafted → agent 
self-induced skills

● Self-Evolving Agents

Advanced Agent Dev:
Training Backbone LM

● Mimicking human 
computer activities

● Synthesizing 
agent-style tasks & 
trajectories 

● Synthesizing agent 
exploration 
environments 

Agent Practical Utility:
Augment Human Work

● Solo agent success 
!= practical utility

● Transforming human 
signals to improve 
agents

○ Capability
○ Collaborative



Data: Transforming Human Computer-Use Activities

He, Yanheng, et al. "Efficient Agent Training for Computer Use." ICLR 2026.

Collect human 
computer-use 
trajectories (~ 
action + state)

Reconstruct 
implicit thought 
process (~agent 
thought)

with claude-3.7

Augment 
trajectories by 
diversifying 
actions

with claude-3.7

312 human traces
95



Training Agents to Mimic Human Actions: SFT

He, Yanheng, et al. "Efficient Agent Training for Computer Use." ICLR 2026.

baseline

96



Capturing and Processing Human Computer-Use Data

22.5K traces

● 12K windows
● 5K mac
● 5K ubuntu

Wang, Xinyuan, et al. "OpenCUA: Open Foundations for Computer-Use Agents." 2025.
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Agents Improve Across Computer-Use Tasks

Wang, Xinyuan, et al. "OpenCUA: Open Foundations for Computer-Use Agents." 2025
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Data: Transforming Human How-to Guide

Turning Indirect How-To Knowledge to Direct Demonstrations

Ou, Tianyue, et al. "Synatra: Turning indirect knowledge into direct demonstrations for digital agents at scale." NeurIPS 2024
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Human Traces May Not Be the Best for Agents to Learn

Excel sheet

Data Analysis

Slide Presentation

Google slides

Logo Design
Adobe Illustrator

Interior Design

Canva

Program

pandas

Program

pptx

Program

matplotlib

Program

generate_image

Zora Zhiruo Wang, et al. "Human and AI Workers Share Workflows But Diverge in Capabilities." 2025.
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Data: Synthesizing Agent-Style Trajectories for Training

Web Browsing: Agent exploring the web environments to create and solve tasks

Murty, Shikhar, et al. "Bagel: Bootstrapping agents by guiding exploration with language." 2024
NNetNav: Unsupervised Learning of Browser Agents Through Environment Interaction in the Wild
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Data: Synthesizing Agent-Style Trajectories and Skills

Synthesize and test skills beyond raw trajectories

Zhang, Boyuan, et al. "SkillWeaver: Web Agents can Self-Improve by Discovering and Honing Skills" 2025.
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Scalable Agent Self-Exploration:
From Real to Synthesized Environments

Real Websites

● Safety concerns
● Affect real life

Sandboxed Environments

● Benefit: reproducible 
agent experimentation

● Require huge manual 
effort; Sim-to-real gap

→ Automatically synthesize 
environments for agents to explore
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Synthesizing Environments for Agent Training

Aggarwal, Pranjal, et al.. "Gym-Anything: Turn any Software into an Agent Environment", 2026
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Data: Synthesize SWE Tasks and Trajectories

Leveraging engineering expertise to design task synthesis strategies

105
Yang, John, et al. "SWE-smith: Scaling Data for Software Engineering Agents." 2025.



SWE-Gym: Synthesizing SWE Environment

Collect more task instructions + verifiers

Jiayi Pan, et al.. "Training Software Engineering Agents and Verifiers with SWE-Gym". 2024.
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Training Effective Coding Agents

107

SWE-smith: more data improves 
agent downstream performance

Instance and repository diversity is 
not yet a bottleneck



Training Neural Verifiers: Improve Test-Time Scaling

Trained verifiers help solution 
selection at inference time

The stronger the verifiers are, 
the greater test-time scaling 
effect on the coding agent
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Dual Verifiers: Execution-Based + Neural-Based

● synthesize data: executable environments from GitHub commits
● execution-based + execution-free verifiers

Naman Jain, et al.. "R2E-Gym: Procedural Environments and Hybrid Verifiers for Scaling Open-Weights SWE Agents". 2025
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Session 2: Building LLMs for Human Work

110

Agent for Work 101:
Orchestrating Harness

● Observation: file, web 
browser, apps

● Memory: facts, 
workflows, …

● Actions: human 
crafted → agent 
self-induced skills

● Self-Evolving Agents

Advanced Agent Dev:
Training Backbone LM

● Mimicking human 
computer activities

● Synthesizing 
agent-style tasks & 
trajectories 

● Synthesizing agent 
exploration 
environments 

Agent Practical Utility:
Augment Human Work

● Solo agent success 
!= practical utility

● Transforming human 
signals to improve 
agents

○ Capability
○ Collaborative



As Agent Solo Performance Improves …
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Agents are Not Optimized for Human-Oriented Utility

https://x.com/KLieret/status/2029219763423986030?s=20 
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Agents are Not Optimized for Human-Oriented Utility
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Need to Consider Human Utility for Agent Building

Zora Wang, John Yang, Kilian Lieret, et al., "Position: Humans are Missing from AI Coding Agent Research". 2026.
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Capability: Human Messages as Agent Training Signals

Convert NL human feedback into signals for training

Wang, Yinjie, et al., "OpenClaw-RL: Train Any Agent Simply by Talking", 2026.
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Use Human Intervention As Agent Training Signal

Huq, Faria, et al., "CowPilot: A Framework for Autonomous and Human-Agent Collaborative Web Navigation", 2025.

● Error correction/recovery
● Preference misalignment
● Assist in complex websites
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Collaboration Skills: Using Human Intervention As Agent 
Training Signal

Huq, Faria, et al., "Modeling Distinct Human Interaction in Web Agents", 2026.

● Error correction/recovery
● Preference misalignment
● Assist in complex websites
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Session 2: Building LLMs for Human Work
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Agent for Work 101:
Orchestrating Harness

● Observation: file, web 
browser, apps

● Memory: facts, 
workflows, …

● Actions: human 
crafted → agent 
self-induced skills

● Self-Evolving Agents

Advanced Agent Dev:
Training Backbone LM

● Mimicking human 
computer activities

● Synthesizing 
agent-style tasks & 
trajectories 

● Synthesizing agent 
exploration 
environments 

Agent Practical Utility:
Augment Human Work

● Solo agent success 
!= practical utility

● Transforming human 
signals to improve 
agents

○ Capability
○ Collaborative



Tutorial Roadmap ACL 
2026
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Building AI Agents 
for Work

Evaluating AI Agents 
for Work

Societal and 
Economic Impact

Agent Harness
• Observation, Action, Memory
• Self-Evolving Agent

Training Backbone LM
• Data, Data, Data!
• Synthesizing Environments

Desiderata for Augmenting 
Human Work

Building Dataset from 
Occupational Tasks

Designing Metrics
• Rubric-based Approach
• Building Verifiable Tests via Agents

Evaluating Human-Agent 
Collaboration
• Building HAC Environments
• Isolating Effects

Yijia Shao @ Stanford

The Landscape of Work Agents
The Reality Check
What agents can and cannot do

Why It’s Hard
Major NLP Challenges

Key Research Questions
Objective, Measurement, Mechanism



Why is Evaluating AI Agents at Work Hard? 

Traditional Benchmark Question Real-world Human Work

Alpha emission is a type of what?
A. Light
B. Radiation
C. Heat
D. Radioactivity
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Structuring The Evaluation of AI Agents for Work 

1.  The Task

2.  The Environment

3.  The Metric
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What Does Evaluation Serve? 

1.  The Task

2.  The Environment

3.  The Metric

AgentCapability
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What Does Evaluation Serve? 

1.  The Task

2.  The Environment

3.  The Metric

AgentCapability

Human

Productivity

Quality

Agency

Cost 123



What Does Evaluation Serve? 

Agent

Human

1.  The Task

2.  The Environment

3.  The Metric
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Task, Env, Metric

Outline | Evaluating AI Agents for Work

Human

1. Foundations: Build Datasets 
for LLMs at Work

Agent
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Task, Env, Metric

Outline | Evaluating AI Agents for Work

Human

1. Foundations: Build Datasets 
for LLMs at Work

2. The Metric Design Space Agent
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Task, Env, Metric

Outline | Evaluating AI Agents for Work

Agent

Human

1. Foundations: Build Datasets 
for LLMs at Work

2. The Metric Design Space

3. Evaluating Human-Agent 
Collaboration
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Task, Env, Metric

Outline | Evaluating AI Agents for Work

Agent

Human

1. Foundations: Build Datasets 
for LLMs at Work

2. The Metric Design Space

3. Evaluating Human-Agent 
Collaboration

4. Evaluation for Deployment
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Task, Env, Metric

Outline | Evaluating AI Agents for Work

Agent

Human

1. Foundations: Build Datasets 
for LLMs at Work

2. The Metric Design Space

3. Evaluating Human-Agent 
Collaboration

4. Evaluation for Deployment
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Evaluating Real-World Economically Valuable Tasks
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Evaluating Real-World Economically Valuable Tasks

Example tasks from GDPval (OpenAI, 2025).

● Task: Work Activities tracked by 
O*NET for 44 occupations 
across the top 9 sectors 
contributing to U.S. GDP

GDPval: Evaluating AI Model Performance on Real-World Economically Valuable Tasks, Patwardhan et al., 2025
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Evaluating Real-World Economically Valuable Tasks

One task instance from GDPval (OpenAI, 2025).

● Task: Work Activities tracked by 
O*NET for 44 occupations 
across the top 9 sectors 
contributing to U.S. GDP

● Environment: Most of tasks are 
associated with reference file(s).

GDPval: Evaluating AI Model Performance on Real-World Economically Valuable Tasks, Patwardhan et al., 2025
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Evaluating Real-World Economically Valuable Tasks

● Task: Work Activities tracked by 
O*NET for 44 occupations 
across the top 9 sectors 
contributing to U.S. GDP

● Environment: Most of tasks are 
associated with reference file(s).

● Metric: Pairwise Expert 
Comparison

○ Also created an automated 
grader and later released 
rubrics

Will dive in later! 133



Evaluating Real-World Economically Valuable Tasks

● Task: Work Activities tracked by 
O*NET for 44 occupations 
across the top 9 sectors 
contributing to U.S. GDP

● Environment: Most of tasks are 
associated with reference file(s).

● Metric: Pairwise Expert 
Comparison

○ Also created an automated 
grader and later released 
rubrics

134

Takeaway:
Ground the tasks in how 
humans actually work, 
not in how we think AI 

should be tested.



From File-based Env to Simulator-based Env 

● Reference files 
provide rich context, 
but real workspace 
often involves specific 
tools/software.

● As LLMs are getting 
better at instruction 
following, they can 
serve as Environment 
Simulators.

OccuBench Language Environment Simulator.
OccuBench: Evaluating AI Agents on Real-World Professional Tasks via Language Environment Simulation, Hu et al., 2026 135



Simulator-based Env Makes It Easy to Introduce Adversaries

OccuBench evaluates agent 
robustness by appending fault rules 
to the simulator system prompt:

● E0 (Clean): No faults.
● E1 (Explicit Faults): Inject visible 

error response like HTTP 500 
Internal Server Error, etc.

● E2 (Implicit Faults): Return 
degraded response with no 
error signal, e.g., truncated data, 
null fields, etc.

● E3 (Mixed): Combine E1 & E2.

OccuBench: Evaluating AI Agents on Real-World Professional Tasks via Language Environment Simulation, Hu et al., 2026 136



OccuBench Evaluation Results

● Each model has a distinct 
occupational capability profile.

● Current LLMs struggle under 
adverse environments.

OccuBench: Evaluating AI Agents on Real-World Professional Tasks via Language Environment Simulation, Hu et al., 2026 137



After GDPval: Scaling the Landscape of Work-Centric Tasks

● The AI Productivity Index (APEX), Vidgen et al., 2026, from Mercor
○ Cover 4 occupations: Investment banking associate, management consultant, big 

law associate, primary care physician (MD)

● Workspace-Bench, Tang et al., 2026, from ByteDance
○ Cover 5 occupations: Operations Manager, Logistics Manager, AI Product 

Manager, Backend Developer, and Researcher

● Remote Labor Index, Mazeika et al., 2025, from Scale AI
○ Cover 9 occupations

● …

Overall Trend: (1) Similar benchmark curation pipeline is applied to different 
domains; (2) A lot of interest from industries. 
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Are We Accurately Representing the Human Work Landscape?
Agent Benchmarks Cover ~5% of Human Work

Agents are increasingly positioned as “digital workers”

But they only capture 3.1% and 2.4% of skills required in real work

Zora Wang, et al.. "How Well Does AI Agents Reflect Real-World Work?" 2026
139

Large scale analysis of

● 43 benchmarks and 
● 72,342 tasks, 
● across 1,016 occupations in 

the U.S.



Recap: Build Datasets for LLM at Work

1. Curating (Task, Environment) pairs to represent specific occupations.

2. Environments often involve reference files and available tools, which can be 
implemented as sandboxes or simulations.

3. Despite heavy industry interest, benchmarks remain hyper-concentrated on 
coding and math, leaving the vast landscape of human work and skills largely 
untouched.

140



Task, Env, Metric

Outline | Evaluating AI Agents for Work

Agent

Human

1. Foundations: Build Datasets 
for LLMs at Work

2. The Metric Design Space

3. Evaluating Human-Agent 
Collaboration

4. Evaluation for Deployment
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Characteristics of Human Work

Verifiable Fuzzy

Solving 
GitHub 
Issue

Creating
Audit 

Spreadsheet

Making
Interior 
Design

Most Human Work
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Characteristics of Human Work

Verifiable Fuzzy

Solving 
GitHub 
Issue

Creating
Audit 

Spreadsheet

Making
Interior 
Design

Useful strategy:
Start with 
Human Eval and 
then distill it 
into Automatic 
Eval pipeline to 
scale up.
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Auto Eval Strategy 1: Distilling Expertise into Rubrics

The idea is very simple but rubric quality matter a lot!

What a full rubric for ONE 
data point looks like. (don’t 
try to read this :)
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Auto Eval Strategy 1: Distilling Expertise into Rubrics

JobBench (Li et al., 2026) documents strategies for obtaining high-quality rubrics.

Rubric Criteria:

● Self-contained
● Binary
● Objective
● Unambiguous

JobBench: Aligning Agent Work With Human Will, Li et al., 2026
145

Pro: suit many tasks, 
interpretable

Con: hackability



Auto Eval Strategy 2: Pushing Checkable Metrics

Verifiable Fuzzy

Solving 
GitHub 
Issue

Creating
Audit 

Spreadsheet

Making
Interior 
Design

Learn from the practice in software industry 
and build code-based unit tests
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“Code-based by default, LLM only when unavoidable”

Agents’ Last Exam, Sun et al., 2026

Pros: Hard to hack!

Cons: Heavily rely on manual work

● 153 open-sourced data points
● 300+ authors
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Use Agent To Build Verifiable Tests

ProgramBench: Can Language Models Rebuild Program From Scratch?, Yang et al., 2026

● Task: Develop a software (e.g., ffmpeg) from scratch.

● Environment: Computer with docs/ in the file system.

● Metric: Pass rate on agent-generated test suite.
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Use Agent To Build Verifiable Tests

ProgramBench: Can Language Models Rebuild Program From Scratch?, Yang et al., 2026

● Generated test suites achieve 
comparable line coverage to 
developer-written test suites.

○ High Line Coverage

● Explicitly add rules to the agent to 
eliminate trivally passable tests

○ Low Dummy Pass Rate

Similar Line 
Coverage!

Line coverage (%) for generated vs. native 
human-written behavioral suites.

149



Recap: The Metric Design Space

● Pairwise comparison is easier to collect
● Curate detailed rubric first if want to get 

absolute score

● Distill expert judgment into detailed rubrics.
● Coding agents can help build unit test verifiers.

A scalable, hard-to-hack 
approach is still an 
open-question!!
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Task, Env, Metric

Outline | Evaluating AI Agents for Work

Agent

Human

1. Foundations: Build Datasets 
for LLMs at Work

2. The Metric Design Space

3. Evaluating Human-Agent 
Collaboration

4. Evaluation for Deployment
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Three Modes of Work

Team performance?

Agent metrics?

Human metrics?
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Human-Agent Collaboration Framework

Collaborative Gym: A Framework for Enabling and Evaluating Human-Agent Collaboration, Shao et al., 2025

Environment Agent Human

● Dual-control

● Non-turn-taking

153



Human-AI Collaboration Protocol
– Collaboration Acts

Collaborative Gym: A Framework for Enabling and Evaluating Human-Agent Collaboration, Shao et al., 2025

Collaborative Agent Action Space

Message

Wait

Task-specific Action Space
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Human-AI Collaboration Protocol
– Notification Protocol

Collaborative Gym: A Framework for Enabling and Evaluating Human-Agent Collaboration, Shao et al., 2025
155

When do we query the Agent 
to decide its next step?



Human-AI Collaboration Protocol
– Notification Protocol

Collaborative Gym: A Framework for Enabling and Evaluating Human-Agent Collaboration, Shao et al., 2025
156

Operate on 4 event types:

1.Shared observation updates, broadcast to all.

2.Private observation updates, notify the owner.

3.New messages, notify the recipient(s).

4.Inactivity exceeding a temporal threshold, 
broadcast to all.



Human-Agent Collaboration Outperforms Solo Agent

Collaborative Gym: A Framework for Enabling and Evaluating Human-Agent Collaboration, Shao et al., 2025

Co-Gym w/ Simulated Users Co-Gym w/ Real Users
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Collaborative Agents Struggle At Communication and 
Contextual Understanding 

158
Collaborative Gym: A Framework for Enabling and Evaluating Human-Agent Collaboration, Shao et al., 2025



τ2-Bench: Human-Agent Collaboration in Custom Support

τ2-Bench: Evaluating Conversational Agents in a Dual-Control Environment, Barres et al., 2026

Supporting dual-control in τ2-Bench.
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τ2-Bench: Human-Agent Collaboration in Custom Support

τ2-Bench: Evaluating Conversational Agents in a Dual-Control Environment, Barres et al., 2026

pass^1 metrics for the Telecom domain in 
different modes.Main findings:

Experiments show significant drops when agents 
shift from no-user to dual control, highlighting the 
challenges of collaborating with users.
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Three Modes of Work

Team performance?

Agent metrics?

Human metrics?
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● Prior: Each entity is initialized with a Gaussian Prior

CollabSkill: Disentangle Human and Agent Contribution

CollabSkill: Evaluating Human-Agent Collaboration On Real-World Tasks, Shao et al., 2026
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● Prior: Each entity is initialized with a Gaussian Prior

● Observation: New session (A, H, y) arrives

CollabSkill: Disentangle Human and Agent Contribution

CollabSkill: Evaluating Human-Agent Collaboration On Real-World Tasks, Shao et al., 2026
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● Prior: Each entity is initialized with a Gaussian Prior

● Observation: New session (A, H, y) arrives

● Posterior: Let                                                       , posterior                has a 
closed-form solution (Kalman update)

CollabSkill: Disentangle Human and Agent Contribution

CollabSkill: Evaluating Human-Agent Collaboration On Real-World Tasks, Shao et al., 2026
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Interface-based Agents Are More Favorable Than Terminal-based 
Ones Across The Broader Spectrum of Human Work

CollabSkill: Evaluating Human-Agent Collaboration On Real-World Tasks, Shao et al., 2026
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Collaboration Advantage Is Contingent on Human CollabSkill

CollabSkill: Evaluating Human-Agent Collaboration On Real-World Tasks, Shao et al., 2026
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RCT: Randomized Controlled Trial

● Random Allocation
○ Participants are split 

into treatment and 
control groups

● Controlled Conditions
○ Groups are compared 

under the same 
circumstances

● Causal Evidence
○ Randomization proves 

cause and effect

Image from https://www.simplypsychology.org/randomized-controlled-trial.html
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Measuring the Impact of AI on Experienced Open-Source 
Developer Productivity

https://metr.org/blog/2025-07-10-early-2025-ai-experienced-os-dev-study
168



Early 2025 RCT Reveals Results Different From Benchmarks

https://metr.org/blog/2025-07-10-early-2025-ai-experienced-os-dev-study

AI-allowed group 
use more time

METR RCT Benchmarks like 
SWE-Bench

Task 
success

User is 
satisfied & 
code pass 
human review

Pass automated 
unit tests

AI type AI tools in 
early 2025 
(Cursor, Chat, 
etc.)

Fully 
autonomous 
agents

Observ
ations

Models slow 
down 
developers

Models often 
succeed
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Using LLMs At Work Could Hurt Human Learning

https://www.anthropic.com/research/AI-assistance-coding-skills

● No significant different in task time
● AI group has significantly lower post-task quiz scores.



Challenges in Measuring Productivity in Practice

Participant recruitment, hard to enforce controlled condition, experiment cost…

https://metr.org/blog/2026-02-24-uplift-update
171



Recap: Evaluate Human-Agent Collaboration

1. We shall evaluate task performance (quality) rather than pure delivery rate 
(completion alone)

2. Beyond quality, additional human-side metrics deserve consideration, e.g., 
productivity, personal growth, etc.

3. Real-world RCTs are a powerful tool that can reveal insights difficult to 
obtain in lab settings, though challenges remain.
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Task, Env, Metric

Outline | Evaluating AI Agents for Work

Agent

Human

1. Foundations: Build Datasets 
for LLMs at Work

2. The Metric Design Space

3. Evaluating Human-Agent 
Collaboration

4. Evaluation for Deployment
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From Research To Field

Measuring Agents in Production, Pan et al., 2026
174



OccuBench Evaluation Shows LLMs Struggle Under Adverse Environments

● Each model has a distinct 
occupational capability profile.

● Current LLMs struggle under 
adverse environments.

OccuBench: Evaluating AI Agents on Real-World Professional Tasks via Language Environment Simulation, Hu et al., 2026 175



Measure Emerging Risks In Deployment

A Trajectory-Based Safety Audit of Clawdbot (OpenClaw), Chen et al., 2026

User-facing Deception

Prompt Injection 
Robustness

Hallucination & 
Reliability

Operational 
Safety

Unexpected 
Results

Intent 
Misunderstanding
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Measure Costs In An Economic Way

LLMs consume tokens, which directly translate into money.

How Do AI Agents Spend Your Money? Analyzing and Predicting Token Consumption in Agentic Coding Tasks, Bai et al., 2026

Agentic coding is uniquely 
expensive.

More tokens does not mean 
better performance.

Backbone models follow 
distinct token-use patterns.
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Token Costs Are Only The Visible Tip of AI Economics

● From measuring “Which system is 
cheaper per raw unit of output?” 

● To “Which system delivers an 
acceptable and accountable 
outcome at the lowest fully 
loaded cost?”

Human Labor Versus Artificial Intelligence: A Total Cost of Ownership and Task-Suitability Framework for Knowledge Work, Tomer et al., 2026 178



LLM for Work Shall Also Consider Human Agency & Satisfaction

From Future of Work to Future of Workers: Addressing Asymptomatic AI Harms to Foster Dignified Human-AI Interaction, Ehsan et al., 2026

Year-long longitudinal study 
examining AI integration in 
radiation oncology

● Quantitative: Recorded 
AI-predicted dose and 
actual dose delivery in 
practice.

● Qualitative: Held 5 
participatory workshops 
and 24 semi-structured 
interviews about AI use 
experience.
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LLM for Work Shall Also Consider Human Agency & Satisfaction

From Future of Work to Future of Workers: Addressing Asymptomatic AI Harms to Foster Dignified Human-AI Interaction, Ehsan et al., 2026

● Chronic Harms: Erosion of 
Skill, Autonomy, Resilience 
Over Time

● Identity Commoditization: 
Threats to Professional 
Identity and Dignity
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Recap: Evaluation for Practical Deployment

1. More stress testing is needed to ensure reliability, privacy, and safety.

2. LLM adoption does not automatically reduce costs—careful cost 
measurement and evaluation are essential.

3. Keep human at the center of the evaluation; successful deployment depends 
on effective human–AI collaboration and we need to prioritize human 
well-being.
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Building AI Agents 
for Work

Evaluating AI Agents 
for Work

Societal and 
Economic Impact

Agent Harness
• Observation, Action, Memory
• Self-Evolving Agent

Training Backbone LM
• Data, Data, Data!
• Synthesizing Environments

Desiderata for Augmenting 
Human Work

Building Dataset from 
Occupational Tasks

Designing Metrics
• Rubric-based Approach
• Building Verifiable Tests via Agents

Evaluating Human-Agent 
Collaboration
• Building HAC Environments
• Isolating Effects

Panel Discussion

The Landscape of Work Agents
The Reality Check
What agents can and cannot do

Why It’s Hard
Major NLP Challenges

Key Research Questions
Objective, Measurement, Mechanism



Session 4: Panel Discussion

ACL 
2026

Future of Work with LLMs & Agents

Diyi Yang
 

@ Stanford

David 
Nguyen 

@ Stanford

Erik 
Brynjolfsson 
@ Stanford

Alex 
Richmond
@ OpenAI

Thomas 
Malone
@ MIT



Opening

Brief panelist introduction

● Name, research focus, view of AI and human work

Opening question: 

● Are you fundamentally optimistic or pessimistic that this transition will be 
broadly beneficial?

● Ten years from now, what's the thing we're most likely to look back on and 
say "we got that completely wrong"?

● How does the LLM/agent wave compare to past general-purpose technology 
shocks (agriculture, electricity, the internet)?
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How AI Affects Current Work

● Which task categories and 
work sectors already faces 
significant exposure? In which 
ways (wage, employment, 
workload, etc.)

● How does automation risk 
interact with existing 
inequality (geography, income, 
education)?

● On the positive side: where is 
AI most credibly augmenting 
human work? accelerating 
output, expanding capability, 
opening access to expertise?

185https://www.goldmansachs.com/insights/articles/how-will-ai-affect-the-us-labor-market



Technical Challenges

● AI agents can operate across software 
tools autonomously. What do you think 
are the missing skills in AI for other 
human work?

● AI is conduct work in different ways from 
humans, how does this affect AI's actual 
deployment? How should we build AI to 
work better with humans?

● (add a evaluation question, something 
like “How can we evaluate whether an AI 
agent is good at a real task, when 
'success' looks different in every 
workflow?)
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The Future of Work

● New roles and productivity gains?
● How should we prepare the 

next-generation of young people?
● Where should policy intervene: AI 

governance, employment, 
education reform

● What's the role of government vs. 
companies vs. workers 
themselves?

● Key questions to focus next year?
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Audience Q&A
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Building AI Agents 
for Work

Evaluating AI Agents 
for Work

Societal and 
Economic Impact

Agent Harness
• Observation, Action, Memory
• Self-Evolving Agent

Training Backbone LM
• Data, Data, Data!
• Synthesizing Environments

Desiderata for Augmenting 
Human Work

Building Dataset from 
Occupational Tasks

Designing Metrics
• Rubric-based Approach
• Building Verifiable Tests via Agents

Evaluating Human-Agent 
Collaboration
• Building HAC Environments
• Isolating Effects

Panel Discussion

• Stanford
• MIT
• OpenAI

Zora Wang @ CMU Yijia Shao @ Stanford

The Landscape of Work Agents
The Reality Check
What agents can and cannot do

Why It’s Hard
Major NLP Challenges

Key Research Questions
Objective, Measurement, Mechanism

Diyi Yang @ Stanford



Open Challenges & Closing Remarks

190

How do we develop agents that quantitatively improve human-oriented utility?

How do we evaluate agents on tasks where there's no single ground-truth?

What's the future dynamic between humans and AI agents?

Slides, recordings, and other resources at

https://future-of-work-llm-tutorial.github.io/


