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Work in progress



We’ll talk about:

Motivation: Benchmarking XRL methods

How will it work?

What success would look like

🎉 Demo of our infrastructure!
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Human-groundedFunctionally-
grounded

Application-grounded [10]

[6] Xiong et al. (2024). XRL-Bench: A Benchmark for Evaluating and Comparing Explainable Reinforcement Learning Techniques. KDD. [7] Hoffman et

al. (2018). Metrics for Explainable AI: Challenges and Prospects. arXiv. [8] Hase and Bansal (2020). Evaluating Explainable AI: Which Algorithmic
Explanations Help Users Predict Model Behavior?. ACL. [9] Amarasinghe et al. (2024). On the Importance of Application-Grounded Experimental
Design for Evaluating Explainable ML Methods. AAAI. [10] Doshi-Velez and Kim (2017). Towards A Rigorous Science of Interpretable Machine
Learning. arXiv.

How can we measure how
good an explanation is?

Fidelity Satisfaction Simulatability
1-shot

decision

Does the
explanation

help fix problems?
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Measuring success by fixing problems

Pros

Closer to real-world problems

Iterative! Evaluate explanation
method, not explanations

No questionnaire bias

Cons

Explanation use-cases ⊃ fixing

Dossiers add bias

Problems limited to easily-
contained
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We’ll talk about:

How will it work?

What success would look like

🎉 Demo of our infrastructure!

Motivation: Benchmarking XRL methods
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⚠️ Fake data!
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Involving LLMs

Pros

LLMs allow large N

Useful for AI Control [11,12]

Cons

LLMs ≠ humans

LLMs add uncertainty

Complex infrastructure

[11] Greenblatt et al. (2024). AI Control: Improving Safety Despite Intentional Subversion. ICML.
[12] Tracy et al. (2026). LinuxArena: A Control Setting for AI Agents in Live Production Software Environments. arXiv.
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Which Explainable RL method helps an LLM coder fix a broken RL agent ?

Which Mechinterp method helps an LLM coder fix a misaligned LLM ?

Which SWE debugging method helps an LLM coder fix SWE bugs ?
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We’ll talk about:

What success would look like

🎉 Demo of our infrastructure!

Motivation: Benchmarking XRL methods

How will it work?
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Benchmark structure
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⚠️ Fake data!
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Cost / repair trade-off

Pareto frontier
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We’ll talk about:

🎉 Demo of our infrastructure!

Motivation: Benchmarking XRL methods

How will it work?

What success would look like
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fixarena.org is live!
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Objection 1:  “...but explanations are useful for
much more than fixing problems!”

CORRECT.

We limit our scope to the use case of fixing problems.

22.1 



Objection 2:  “...but an explanation being clear to
an LLM doesn’t mean it’s clear to a human!”

CORRECT.

1. Future work: repeat matched experiments with human coders

and measure the correlation

2. LLM-readable explanations are helpful for AI control [11,12]

[11] Greenblatt et al. (2024). AI Control: Improving Safety Despite Intentional Subversion. ICML.
[12] Tracy et al. (2026). LinuxArena: A Control Setting for AI Agents in Live Production Software Environments. arXiv.
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Success by malfunction type

0.25

0.50

0.75

1.00

Reward clipping

Reward hacking

Myopia

Reward imbalance

Distribution shift

Sensor drift
METHOD

Reward decomposition

GANterfactual

AXIS

SARFA

⚠️ Fake data!
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