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LLM Agents Are Eager to Act



LLMs Favor Informativity over Efficiency



“Tokenmaxxing”



Behavioral Efficiency: Doing More with Less

▸Human communication and action are shaped by two 
pressures:

↑ correctness (get the message across, accomplish the task)

↓ cost (effort, time)

▸Abstractions are a mechanism for balancing these

▸This talk: learning abstractions for behavioral efficiency in 
LLMs



Efficiency via Abstractions

Communicating Efficiently
convention formation

Acting Efficiently
tool induction

Evaluating Efficiency
long-horizon web tasks



Communicating Efficiently

[Vaduguru, Hua, Artzi, and Fried. ACL 2026]

Saujas 
Vaduguru



Repeated Reference Games

It is a building with a small fire 

hydrant in front of a big pole

A B C D

D

Trial #1

[Krauss and Weinheimer 1966; Clark and Wilkes-Gibbs 1986; Hawkins et al. 2020]



Repeated Reference Games

[Krauss and Weinheimer 1966; Clark and Wilkes-Gibbs 1986; Hawkins et al. 2020]

A B C D

A

Trial #2
It is a building with a ladder 

going to the front door.



Ad hoc Conventions in Repeated Reference Games

A B C D

It is a building with a 

small fire hydrant in 
front of a big pole

D
Trial #1

Building with the fire 

hydrant

D
Trial #5

Fire hydrant

D
Trial #12



People Get More Efficient Over Time

[Hawkins et al. Continual adaptation for efficient machine communication. CoNLL 2020]



…



Inducing Conventions from Speaker/Listener Games

▸Use strong multimodal LLMs (Gemma 3, Pixtral) as speakers 
and listeners

▸Generate data from synthetic speaker/listener games, 
with simple cost and success pressures

▸Fine-tune the speaker model on this data

▹No human data used in fine-tuning

▸Can it now interact more successfully/efficiently with people?

[Vaduguru, Hua, Artzi, Fried ACL 2026]



Simulated Repeated Reference Games

A B C D

The building of a Fire 
Department.

D
Trial #1

A lovely old cottage.

A
Trial #2

Campus of university

C
Trial #3

[Vaduguru, Hua, Artzi, Fried ACL 2026]



Learning in Simulated Repeated Reference Games

The building of a Fire 
Department.

D
Trial #1

The building of a Fire 
Department with a 
lawn and a flagpole

D
Trial #5

Building

C
Trial #5

Fire Department

D
Trial #5

… [trials on other 
images omitted] 
…

[Vaduguru, Hua, Artzi, Fried ACL 2026]



Assembling Training Data from Simulations

The building of a Fire 
Department with a lawn 
and a flagpole

D
Trial #5

Building

D
Trial #5

Fire Department

D
Trial #5

Fire Department

D
Trial #5

≻

≻

Cost: Less costly utterances (with fewer words) are preferred to more costly utterances

Success: Utterances that lead to success are preferred to ones that don’t

[Vaduguru, Hua, Artzi, Fried ACL 2026]



Improved Communication with People
Human Accuracy Human Response Time Message Length (# words)

▸~50% error reduction from training the speaker

▸~2x faster responses from people (at 5 rounds) from cost-aware 
training



Trained models show convention formation behavior

A B C D

Winnie the pooh 

with scarf

C
Trial #2

Winnie the pooh

C
Trial #8

Winnie

C
Trial #11



Trained models show convention formation behavior

A B C D

Vintage couple 

at picnic

A
Trial #1

Vintage couple

A
Trial #5

Vintage

A
Trial #9



▸Improved communication between people and strong 
multimodal models – without any data from people in training

▸Training for success alone is not enough for efficiency!

▸It’s a reference game (but so are many things)

Takeaways



Acting in an Environment

Jing Yu 

Koh
Shuyan 

Zhou
Frank Xu

Shuyan Zhou and Frank Xu et al. WebArena. ICLR 2024
Jing Yu Koh et al. VisualWebArena. ACL 2024



Task: Navigate to the page of a good Thai restaurant in Pittsburgh. It should have at 
least 200 reviews and 4.3 stars. Pick the one with the highest rating.



VisualWebArena (Koh et al., ACL 2024)
Benchmark for multimodal web agents

Simulators with Real-World Sites

WebArena (Zhou*, Xu* et al., ICLR 2024)
Standalone, self-hostable web environments



36

Add something like what the man is 
wearing to my wish list.

What is the ISIN of the company that occupies the 
largest portion in Warren Buffet's portfolio? Answer 
using the information from the Wikipedia site in the 
second tab.

Task SpecificationWebpage(s)

“Navigate to my listing of the white car and change 
the price to $25,000. Update the price in the 
description as well.”

Example Tasks



Actions: 

37

Model Inputs and Outputs

Observations:



Agents Are Improving Fast

gpt–3.5
gpt–4

Raw LM

BrowserGym

Env Interface

AWM
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W
eb

A
re

n
a

Su
cc

e
ss

 R
a

te



Agents Are Improving Fast

gpt–3.5
gpt–4

Raw LM

BrowserGym

Env Interface

AWM

ASI

IBM CUGA

Agent Framework

W
eb

A
re

n
a

Su
cc

e
ss

 R
a

te



Acting Efficiently

Zora Wang

Zora Zhiruo Wang, Jiayuan Mao, Daniel Fried, and Graham Neubig. Agent Workflow Memory. ICML 2025

Zora Zhiruo Wang, Apurva Gandhi, Graham Neubig, and Daniel Fried. Inducing Programmatic Skills for 
Agentic Tasks. COLM 2025



What’s the Right Level of Abstraction?

goto(“google.com”)
→ click(search_box) 
→ type(“weather today”) 
→ type(“Enter”)
→ send_msg_to_user(“rainy”)

Low-level actions (use a GUI):

+ General: can use interfaces already built for people
-  Tasks are very long
-  Hard to verify
-  No explicit re-use across tasks



It is rainy today

What’s the Right Level of Abstraction?

High-level actions (tools, APIs):

+  Shorten the task horizon
+  Easier to inspect and verify
-   Need to exist to be used



+  Shorten the task horizon
+  Easier to inspect and verify
-   Need to exist to be used

It is rainy today

What’s the Right Level of Abstraction?

High-level actions (APIs, tools):

Agents can act in a general, low-level space 
but learn reusable tools



Tasks have Shared Structure

How to represent the structure? 
We’ve compared textual workflows with programmatic functions.

Get the zip code of a place

Find a place by its name

Task Objective: Show me {location} on the map

Action Trajectory:
# To find the {location}, I will search for 

"{location}" on OpenStreetMap.                   

fill('145', {location})

click('147')

Task Objective: Tell me the zip of code of {location}

Action Trajectory:
To find the zip code of {location}, I will first search for {location} on 
OpenStreetMap. Once located, I will extract the zip code from the map or 
the associated information

fill('145', {location})
click('147')

Reuse

send_msg_to_user("The zip code is {zip-code}")

Add steps # The search results have provided multiple 

locations…. This location includes the zip code.



Inducing Sub-Task Abstractions Online

Test examples passed in a 
stream

example 3
2

… …… …

grow 
over 
time

…

Continuously adding 
abstractions into agent 

memory

apply abstractions for 
test inference

induce1
example 1

example 2
2 apply

1Memory:

Zora Zhiruo Wang, Jiayuan Mao, Daniel Fried, and Graham Neubig. Agent Workflow Memory. ICML 2025

Zora Zhiruo Wang, Apurva Gandhi, Graham Neubig, and Daniel Fried. Inducing Programmatic Skills for Agentic Tasks. COLM 2025



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

Online Learning Improves Performance

Zora Zhiruo Wang, Jiayuan Mao, Daniel Fried, and Graham Neubig. Agent Workflow Memory. ICML 2025



What Abstraction to Use?

textual workflows functions

search_product(
'595','Macbook')

Usable as a tool

Zora Zhiruo Wang, Apurva Gandhi, Graham Neubig, and Daniel Fried. Inducing Programmatic Skills for Agentic Tasks. COLM 2025

Flexible: gives hints for the agent 
to carry out the task

Agent still needs to execute low-
level actions (by copying and 
modifying)



Inducing and Verifying Functions/Tools

Zora Zhiruo Wang, Apurva Gandhi, Graham Neubig, and Daniel Fried. Inducing Programmatic Skills for Agentic Tasks. COLM 2025

Trajectory Evaluation

Final state predicted to 
be correct? Tools used?

YES

N
O

pass

Memory

Few-Shot 
Prompting



Results on Scaled-Up Web Activities
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Induced Tools Shrink the Task Horizon

Baseline:

w/ Induced
Tools:

def navigate_to_address_settings(…) def update_address_details(…)



Human Verification 

How accurately and efficiently can humans judge correctness?

# get the row for each time step
row_2015 = df[df[“Year”] == 2015]
row_2016 = df[df[“Year”] == 2016]
# get the value for each time
value_2015 = row_2015[“Vacation days”].ix[0]
value_2016 = row_2015[“Vacation days”].ix[0]
# calculate the rate of change
rate = (value_2016 – value_2015) / 2

baseline solution

“… What was the rate of change 
between 2015 and 2016?”

def calc_rate_of_change(df, value_column, 
time_column, time1, time2) -> float:
…

from toolbox import calc_rate_of_change
…
calc_rate_of_change(df, “Vacation days”, 
“year”, 2015, 2016)

w/ induced tools

Incorrect Correct

[Wang, Neubig, and Fried. TroVE: Inducing Verifiable and Efficient Toolboxes for Solving Programmatic Tasks. ICML 2024]



77%

88% 87%

50%

75%

100%

no tools per-instance tools reused tools

Verification Accuracy Average Time (s)↑ ↓

25.5

30.7

17.5

10

20

30

40

no tools per-instance tools reused tools

Human Verification 

[Wang, Neubig, and Fried. TroVE: Inducing Verifiable and Efficient Toolboxes for Solving Programmatic Tasks. ICML 2024]



Takewaways

▸Agentive tasks have shared sub-structure

▸Learning tasks abstractions improves success and efficiency in 
streaming settings

▸But how to learn over extremely long time horizons (e.g. years of 
interaction)?

▸Abstractions give a lever for people to verify and improve the system



Lawrence 

Jang

Jing Yu 

Koh

Evaluating Efficiency



Benchmarking Web Agents on Long Horizon Tasks



Collecting Odysseys

▸ 248 Prolific workers 
annotate their own 
Chrome browsing histories

▸ Chrome's Journey 
algorithm clusters → LLM 
composition → author 
review

▸200 long-horizon tasks 
across 22 domains

▸Write rubrics that allow 
LLM-as-a-judge



Example Task: Finding ACL Surgeons
I’m trying to get a realistic shortlist of the best knee surgeons in New York City because I may 
need ACL reconstruction or meniscus repair, and I want something I can actually look through 
myself afterward. Please start in Google and research orthopedic surgeons in NYC who are 
specifically known for knee ligament reconstruction, ACL surgery, and meniscus repair, then 
create a spreadsheet called Top ACL Surgeons NYC to keep everything organized. As you find 
strong candidates, open each surgeon s official hospital or practice profile page in its own tab so 
I can compare them side by side, and only keep surgeons whose actual profile page clearly says 
they perform ACL reconstruction, meniscus repair, knee ligament reconstruction, or very closely 
related sports knee procedures. For each surgeon you keep, put their full name, hospital or 
practice affiliation, specialty focus, a short note confirming where ACL reconstruction or 
meniscus repair is mentioned, and the direct profile link into the spreadsheet. Please keep going 
until there are exactly 10 verified NYC surgeons in the sheet, and make sure every person listed 
still has their real profile page open in a tab so I can inspect the pages and see the affiliations 
myself. Once the list is complete, look across the 10 entries and add a short summary of which 
hospitals, orthopedic groups, or medical centers show up most often, because I want to know 
which institutions seem to dominate this specialty in the city.



Example Task: Finding ACL Surgeons



Example Task: Finding ACL Surgeons



Graded Difficulty



But There’s a Pareto Frontier

Pareto frontier

??



Multi-Agent Decomposition Improves Efficiency

▸Average wall clock time from 163m -> 86m
Jing Yu 

Koh



Future Work

▸Using agents to explore spaces of possible solutions

▸The most precious resource is human attention and energy: 
how do we use it judiciously?

▸What aspects of an agent’s behavior does a person need to 
oversee? And how should they give feedback?



Thanks!

dfried@cs.cmu.edu
http://dpfried.github.io 

Agent Skill Induction: https://github.com/zorazrw/agent-skill-induction
Odysseys: https://odysseys-website.pages.dev/

Jing Yu 
Koh

Shuyan 
Zhou

Frank 
Xu

Zora 
Wang

Saujas 
Vaduguru

Lawrence 
Jang
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