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Trust and Accountability in Knowledge Graph-Based AI for Self Determination

https://www.dagstuhl.de/25051

https://www.dagstuhl.de/25051


Source: https://www.aisi.gov.uk/blog/our-evaluation-of-claude-mythos-previews-cyber-capabilities



The Challenge of Benchmarks

Source: https://cruxevals.com/open-world-evaluations.pdf



https://cruxevals.com/open-world-evaluations.pdf



Common Evaluation Pitfalls

- Missing or Incorrect Ground Truth Data 


- Data Leakage


- Confirmation Bias 


- Deployment Mismatch
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Source: Ramya Srinivasan and Ajay Chander. 2021. 
Biases in AI systems. Commun. ACM 64, 8 (August 
2021), 44–49. https://doi.org/10.1145/3464903



Common Evaluation Pitfalls

- Missing or Incorrect Ground Truth Data 


- Data Leakage


- Confirmation Bias 


- Deployment Mismatch

Source: Liao, Thomas, et al. "Are we learning yet? 
a meta review of evaluation failures across machine 
learning." Thirty-fifth Conference on Neural 
Information Processing Systems Datasets and 
Benchmarks Track (Round 2). 2021.



How do we evaluate in these 
environments?



Desiderata for Evaluation Approaches

1. be able to evaluate such multifaceted and complex outputs 
2. no ground truth is available 
3. run in a continuous manner 
4. cope with changes in outputs 
5. efficiently make use of human effort 
6. readily applied to new problems, tasks and domains with a 

minimal amount of effort 
7. cope with variation in the tailored outputs 



Explanations? 



Explanations increasingly required for AI systems



XAI tools and techniques are available

Sina Mohseni, Niloofar Zarei, and Eric D. Ragan. 2021. A Multidisciplinary Survey and Framework for Design and Evaluation of Explainable AI Systems. 
ACM Trans. Interact. Intell. Syst. 11, 3–4, Article 24 (December 2021), 45 pages. https://doi.org/10.1145/3387166



▫ Metrics [1]:
▿ functionally-grounded - metrics that do require human feedback and measure 

properties of the explanation (e.g. faithfulness - how accurately does the explanation 
correspond to the thing being explained);

▿ human-grounded metrics - metrics that involve human participation either through 
feedback, observation or proxy tasks (e.g. how interpretable is an explanation to an 
end user);

▿ application-grounded - metrics that measure explanations through their usage in an 
application (e.g. does the performance of the human-AI system improve on a 
downstream task);

▫ Challenges:
▿ Interactivity
▿ Many personas

Evaluation of Explanations

[1] Gesina Schwalbe and Bettina Finzel. A comprehensive taxonomy for 
explainable artificial intelligence: a systematic survey of surveys on 
methods and concepts. Data Mining and Knowledge Discovery, 
38(5):3043–3101, 2024.



XAI - Evaluation of Explanations 



Argument Quality Assessment



Defining performance in terms of explanation quality

AI System performance:  
Given a set of tasks, and corresponding outputs and their explanations created by 
an AI system. AI System performance is the aggregation of the quality of the 
explanations.

Claim:  
By evaluating through explanations we cover the desiderata 
we previously identified
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Proof-of-Concept





Conclusion
• We need improved ways to evaluate AI systems


• We argue that explanation quality is a good proxy for the quality of a 
system


• Lots more to do! 


• Testing at scale


• Correlation with existing benchmarks
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