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Al Agents are Becoming Surprisingly Capable

Task duration (for humans)

where logistic regression of our data
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— Fix bugs in small python libraries

— Train classifier
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How Can We Know What Al Agents Can / Cannot Do?

What Are Next Steps for Improving Al Agents?




David Patterson
Turing Award Laureate

“When a field has good
benchmarks, we settle debates
and the field makes rapid
progress. ...

Sadly, when a field has bad
benchmarks, progress can be
problematic.”

David Patterson, https://dl.acm.org/doi/pdf/10.1145/2209249.2200271,

Communications of ACL 2012.
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Rigorous Al Agent Evaluation is Challenging
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Rigorous Al Agent Evaluation is Challenging
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Al Agent Benchmarks are Broken: Case 1

T-bench: A Benchmark for Tool-Agent-User Interaction in Real-World Domains

Cancel and
refund my
ticket #123.

Cancel and
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A do-nothing agent: 38% pass@1 on t-bench Airline, outperforming o3-mini-high (35%)
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Al Agent Benchmarks are Broken: Case 2

SWE-bench Verified: evaluating agents’ ability to solve real-world software issues
(vetted by 38 developers from OpenAl)
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Al Agent Benchmarks are Broken: Case 2

SWE-bench Verified: evaluating agents’ ability to solve real-world software issues
(vetted by 38 developers from OpenAl)
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Augmenting unit tests lead to 24% rank changes in the leaderboard top 50.7

"Boxi Yu, Yuxuan Zhu, Pinjia He, Daniel Kang, https://arxiv.org/abs/2506.09289, ACL 2025

Incorrect logic is
not captured by
unit tests.


https://arxiv.org/abs/2506.09289

How can we identify these issues in existing Al agent

benchmarks and avoid them in future benchmarks?




Decomposing the Failure Modes

Agentic tasks

X =1 Task
— E descriptions TaskOutcome‘

Operational

- Textual responses
Al Agent 5@9 Environments . Code
- Environment slates
x Tools

A successful outcome < Capabilities to complete the task.

Counter-example: A trivial agent can achieve successful outcomes in 7-bench.
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Decomposing the Failure Modes

Agentic tasks
E: r = Task
2 E — E descriptions
§' Al Agent ‘5@9 Environments

X Tools

Benchmark evaluations
Task Outcome E‘d:] : . ,
> String matching @ State matching > @

- Textual responses

- Code Testing Customized Results
- Environment states

metncs

--------

Task Validity

Conceptual
s{
8
8

> Task
z : L Success

A successful outcome < A positive eval result.

Counter-example: Incorrect code can pass unit tests in SWE-bench.
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Our Research: Agentic Benchmark Checklist

* Detecting Task Validity issues in an agent-environment paradigm.
* Detecting Outcome Validity issues for various grading methods.

* Rigorous reporting guidelines when validity cannot be guaranteed.
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Qualitative Findings

T T T
) o "p]

o o
o ~ Ta) o~
~
(94) 21025 abesany
A T T L4
o e (=] (7] L]
o ~ wn o~
~
(9%) 24025 abesaby
T T Ll
n o 1n o

o
o ~ "p) ™~
~

(94) 21005 abeasany

Task Validity Benchmark Reporting

Outcome Validity

* >50%: fail to address the inherent limitations of their evaluation and outcome designs.

* >50%: contain implementation flaws.

* 80%: fail to acknowledge weakness in their design and implementation.
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Newly ldentified Issues that Skew Benchmark
Results and Findings

Test case modification (SWE-Lancer) 100

Pass by exhaustive answer listing (t-bench)

Pass by doing nothing (t-bench)
Insufficient fuzz testing (KernelBench)

Outdated reference solutions (OSWorld)

Problematic string matching (WebArena) 5.2
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