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The Challenge of Benchmarks
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Figure 1: Several popular benchmarks (SWE-Bench, ARC-AGI, 7-bench, Terminal Bench, METR’s
Time Horizon) have had successor benchmarks released within the past two years. [1,5~17]

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



Open-world evaluations for measuring frontier Al
capabilities
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Common Evaluation Pitfalls

Missing or Incorrect Ground Truth Data

Data Leakage
Confirmation Bias

Deployment Mismatch

The “Problem” of Human Label Variation:
On Ground Truth in Data, Modeling and Evaluation

Barbara Plank

Center for Information and Language Processing (CIS), MaiNLP lab, LMU Munich, Germany
Munich Center for Machine Learning (MCML), Munich, Germany

Abstract

Human variation in labeling is often consid-
ered noise. Annotation projects for machine
learning (ML) aim at minimizing human la-
bel variation, with the assumption to maximize
data quality and in turn optimize and maxi-
mize machine learning metrics. However, this
conventional practice assumes that there ex-
ists a ground truth, and neglects that there ex-
ists genuine human variation in labeling due

b.plank@lmu.de
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Figure 1: We propose the term human label variation to
capture the fact that inherent disagreement in annotation
can be due to genuine disagreement, subjectivity or
simply because two (or more) views are plausible.
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Common Evaluation Pitfalls

Missing or Incorrect Ground Truth Data

Data Leakage

Confirmation Bias

Deployment Mismatch
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ABSTRACT

In the active research area of employing embedding models
for knowledge graph completion, particularly for the task
of link prediction, most prior studies used two benchmark
datasets FB15k and WN18 in evaluating such models. Most
triples in these and other datasets in such studies belong
to reverse and duplicate relations which exhibit high data
redundancy due to semantic duplication, correlation or data
incompleteness. This is a case of excessive data leakage—a
model is trained using features that otherwise would not be
available when the model needs to be applied for real pre-
diction. There are also Cartesian product relations for which
every triple formed by the Cartesian product of applicable
subjects and objects is a true fact. Link prediction on the
aforementioned relations is easy and can be achieved with
even better accuracy using straightforward rules instead of
sophisticated embedding models. A more fundamental defect
of these models is that the link prediction scenario, given
such data, is non-existent in the real-world. This paper is
the first systematic study with the main objective of assess-
ing the true effectiveness of embedding models when the
unrealistic triples are removed. Our experiment results show
these models are much less accurate than what we used to
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perceive. Their poor accuracy renders link prediction a task
without truly effective automated solution. Hence, we call
for re-investigation of possible effective approaches.
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1 INTRODUCTION

Large-scale knowledge graphs such as Freebase [4], DBpe-
dia [2], NELL [7], Wikidata [34], and YAGO [29] store real-
world facts as triples in the form of (head entity (subject),
relation, tail entity (object)), denoted (h, r, t), e.g., (Ludvig van
Beethoven, profession, Composer). They are an important re-
source for many Al applications, such as question answer-
ing [38, 40, 41], search [10], and smart healthcare [26], to
name just a few. Despite their large sizes, knowledge graphs
are far from complete in most cases, which hampers their
usefulness in these applications.

To address this important challenge, various methods have
been proposed to automatically complete knowledge graphs.
Existing methods in this active area of research can be cate-
gorized into two groups [23]. One group is based on latent
feature models, also known as embedding models, including
TransE [5], RESCAL [24], and many other methods [6]. The
other group is based on observed feature models that exploit
observable properties of a knowledge graph. Examples of
such methods include rule mining systems [13] and path
ranking algorithms [16].

Particularly, the latent feature models are extensively stud-
ied. They embed each entity h (or t) into a multi-dimensional



Common Evaluation Pitfalls

Missing or Incorrect Ground Truth Data
Data Leakage
Confirmation Bias

Deployment Mismatch

Taxonomy of bias types along the Al pipleline.

Data Problem Data Validation
Creation Formulation Analysis and Testing

Sampling Bias Framlng Sample Sample
Effect Bias Selection Bias Treatment Bias

Measurement Bias
Capture Bias Confounding Bias Human Evaluation
Device Bias Proxy-Variable Bias Bias
Proxy Bias Omitted-Variable Confirmation Bias
Bias Peak End Bias
Label Bias Recall Bias
Annotation Design Bias Annotator Bias
Inconsistencies Ranking Bias (due to culture,
Annotator Bias Algorithm Bias personality)
(due to one's Presentation-Bias
beliefs, etc.) Test Dataset Bias
Peak End Bias Selection of
Inappropriate
Negative Set Bias Datasets For
Testing

Source: Ramya Srinivasan and Ajay Chander. 2021.
Biases in Al systems. Commun. ACM 64, 8 (August
2021), 44-49. https://doi.org/10.1145/3464903
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Figure 1: Our framework for benchmark-based evaluations of machine learning algorithms and
associated validity concerns. In the benchmark paradigm, papers which propose a new algorithmic
idea demonstrate its effectiveness by comparing to results of prior work on a specific learning problem
(the benchmark). The underlying assumption is that the benchmark is representative for a broader
task and hence the performance improvements will transfer to real-world applications. This chain of
reasoning relies on multiple steps with various potential validity issues.

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?
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Desiderata for Evaluation Approaches

be able to evaluate such multifaceted and complex outputs
no ground truth is available

run in a continuous manner

cope with changes in outputs

efficiently make use of human effort

readily applied to new problems, tasks and domains with a
minimal amount of effort

cope with variation in the tailored outputs



Explanations?



Explanations increasingly required for Al systems
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XAl tools and techniques are available
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Fig. 3. A summary of our categorization of XAl design goals and evaluation measures between user groups.
Top: Different system design goals for each user group. Bottom: Common evaluation measures used in
each user group. Notice that similar XAl goals for different user groups require different research objectives,

design methods, and implementation paths.

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

o Metrics [1]:

v 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);

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

o Challenges:
v Interactivity

[1] Gesina Schwalbe and Bettina Finzel. A comprehensive taxonomy for
~ Many personas

explainable artificial intelligence: a systematic survey of surveys on
methods and concepts. Data Mining and Knowledge Discovery,
38(5):3043-3101, 2024.




XAl - Evaluation of Explanations

OpenXAl Getting Started L eaderboard Paper Team GitHub

What is OpenXAl?

OpenXAl is a general-purpose lightweight library that provides a
comprehensive list of functions to systematically evaluate the
reliability of post hoc explanation methods. The library provides
implementations and easy-to-use APIs for various state-of-the-
art explanation methods and evaluation metrics. It is also flexible
enough to accommodate new datasets (both synthetic and real-
world), explanation methods, and evaluation metrics.

OpenXAl is an open-source framework for evaluating and benchmarking post hoc explanation methods.

<[> . @) ==

Easy to Code Easy to Evaluate Easy to Benchmark
OpenXAl library is minimally dependent on external OpenXAl integrates a wide range of evaluation metrics, OpenXAl provides an intuitive abstract template with
packages and can benchmark explanation methods with including faithfulness, stability, and fairness metrics. dataloaders, trained models, and XAl-ready datasets to

just 10 lines of code. easily and reliably benchmark explaination methods.



Argument Quality Assessment

A taxonomy of argument quality wachsmun etai. 2017)

local global
acceptability acceptability

local global
relevance relevance

= /
cogency reason
L ableness W
local

sufficiency

global

Overall sufficiency

quality

clarity arrangement

\ effectiveness /

credibility — l T egws;igglal

appropriateness

Logical Dimensions

Rhetorical Dimensions

Dimension

Definition

Dimension

Definition

Validity

Soundness

Consistency

Coherence

Conciseness

Completeness

Relevance

Timeliness

Contextualized

Focused

Does the argument follow from its
premises?

Are the premises of the argument
true, or plausible?

Are there any internal contradic-
tions within the argument?

Does the argument flow logi-
cally with good transitions between
points?

Does the argument contain redun-
dant premises or evidence?

Does the argument address all
aspects of the issue; does it omit
important information?

Are all the premises and pieces of
evidence pertinent to the conclu-
sion, or are there irrelevant details?
Does the argument use information
that accurate for the period?

Does the argument consider spe-
cific contextual considerations? For
instance, spatial or geopolitial con-
siderations.

Does the argument stay on topic, or
does it go off topic?

Clarity

Accessibility

Persuasiveness

Free of Falla-
cies

Representative

Use of Evi-
dence

Use of Coun-
terfactuals

Accuracy

Fairness

Acceptability

Novelty and
Creativity

Is the argument expressed clearly
and unambiguously?

Are the terms and concepts suffi-
ciently well defined for the target
reader to understand them?

Does the argument effectively
appeal to the intended audience?
Includes strawman arguments,
ad hominem  attacks, false
dichotomies, appeal to authority,
slippery slopes, circular reasoning,
emotional appeals.

Does the argument rely on exam-
ples or data that are representative
of the broader context, or are they
cherry-picked?

Is evidence credible, relevant, rep-
resentative, and sufficient?

Does the argument acknowledge
and address potential counterargu-
ments or alternative viewpoints?
Does the argument present infor-
mation truthfully, without misrepre-
sentation or distortion?

Is the argument neutral, impartial,
and just?

Whether the argument is satisfac-
tory and able to be agreed to or
approved of by the target recipient
Does the argument present new
perspectives or solutions? Is it
original, or does it rehash well-
known ideas?

Table 1. Examples of dimensions for assesing argument quality.



Defining performance In terms of explanation quality

Al System performance:

Given a set of tasks, and corresponding outputs and their explanations created by
an Al system. Al 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

< ShareClaude °
An Efficacy and Safety Study of INM-176 for the Treatment of Patients With Alzheimer Type Dementia

ClinicalTrials.gov ID @ NCT01245530

Experimental Alzheimer's Drug Shows Promise sponsor @ Whanin Pharmaceutical Company

Information provided by © Wwhanin Pharmaceutical Company

Last Update Posted @ 2011-06-13

Task: Please generate a {sound and coherent}, but {unclear and unpersuasive}

explanation in less than 1000 characters for {why the experimental drug is more ' ' o
: , i . ¥ Download A save ¢ More
effective than the control arm} based on {the following description of the trial}. —

Guidance: Soundness - Are the premises true or at least plausible? Coherence -

Does the argument flow logically with good transitions? Clarity - Is the argument . ) .
expressed clearly and unambiguously? Persuasiveness - Does the argument StUdy Details Researcher View No Results Posted Record HIStory

effectively appeal to the intended audience?

Input: {[Brief Summary] The purpose of this study is to evaluate the efficacy and

safety of two fixed dose (1200mg/day, 1600mg/day) of INM-176 (a drug of

treating dementia) comparing with donepezil for treatment for patients with

Alzheimer type dementia. [Detailed Description] Probable Alzheimer type Study Overview
dementia compare INM-176 12001600mg/day with Donepezil 510mg/day of

safety and efficacy to randomization, multicenter, double-blind, double-dummy;, Brief Summary

arallel Phase Ill clinical study. [Conditions] Alzheimer Type Dementia
P y-1 ] - The purpose of this study is to evaluate the efficacy and safety of two fixed dose (1200mg/day, 1600mg/day) of INM-176 (a drug of treating

Intervention [ Treatment] Drug: Aricept; Drug: INM-176
[ f ] g P - ) dementia) comparing with donepezil for treatment for patients with Alzheimer type dementia.

Detailed Description

EREEEI G 1@ ISR I RS FTE, RS & G ERERED G Gy a2 Probable Alzheimer type dementia compare INM-176 1200~1600mg/day with Donepezil 5~10mg/day of safety and efficacy to randomization,

experimental drug (INM-176) might be more effective than the control arm: multicenter, double-blind, double-dummy, parallel Phase lll clinical study.

The promising results of INM-176 stem from its innovative pharmacological
approach to addressing Alzheimer's type dementia. While donepezil represents a Official Title

standard treatment, INM-176 demonstrates potential superiority through its . . ) .
Probable Alzheimer Type Dementia Compare INM-176 1200~1600mg/Day With Donepezil 5~10mg/Day of Safety and Efficacy to

broader neurological targeting mechanism. The higher dosage range of 1200- L . i o
Randomization, Multicenter, Double-blind, Double-dummy, Parallel Phase Il Clinical Study

1600mg/day suggests enhanced neurological modulation compared to

donepezil's more limited 5-10mg/day range. Conditions @

The study's rigorous double-blind, randomized design ensures methodological Alzheimer Type Dementia

integrity, minimizing potential bias in evaluating comparative efficacy. By

employing a double-dummy protocol, researchers can more precisely isolate the

Intervention / Treatment @
e —-



Drug Efficacy Explanation Evaluation

https://gemini.google.com/share/91152728d%968 |0 R

Created with Gemini 3 February 2025 at 19:25 - Published on 3 February 2025 at 20:45

Task: Evaluate the quality of the explanation for {why the

experimental drug is more effective than the control arm} Dimension Default pe rspective Lay-users
using the criteria listed below. GPT Gemini GPT Gemini
For each criterion: Soundness 4 4 4 3
Rate the explanation on a Likert scale from 1to 5 (1 = Very Coherence 5 4 4 4
Poor, 5 = Excellent) and provide justification for each of them. Clarity 3 3 2 2
Format your response only as CSV with quote.
Persuasiveness 3 3 2 3
Evaluation criteria:
Soundness - Are the premises true or at least plausible? Table 2
Coherence - Does the argument flow logically with good LLMs’ assessment results for “sound and coherent”, but "unclear and unpersuasive” explanations on a 5 point

transitions?

Clarity - Is the argument expressed clearly and
unambiguously?

Persuasiveness - Does the argument effectively appeal to the
intended audience?

Likert scale (5 = very good) from two different personas (Default and and lay-users.)

Please format your CSV output as follows:
“criterion”,"value"



Conclusion

 \We need improved ways to evaluate Al systems

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

e | ots more to do!
* Jesting at scale

* Correlation with existing benchmarks
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