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Abstract
Benchmarking is an indispensable approach for evaluating and comparing the performance of different systems.
However, the results are typically summarized using a small set of metrics, and their analysis often requires
manual effort and may introduce bias. In this demo, we present an extension of the Gerbil QA benchmarking
framework that automatically generates human-readable explanations for the evaluation results of question
answering systems. Our approach analyzes benchmarking outcomes and learns concepts that distinguish correctly
answered questions from incorrectly answered ones. These concepts are further verbalized by a Large Language
Model to produce human-readable explanations. With the help of our explanations, users are allowed to gain
deeper insights into system behavior beyond standard evaluation metrics. A live version of the demo is publicly
available at https://gerbil-qa.aksw.org/gerbil/config.
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1. Introduction

Comparable benchmarks are key for the improvement of solutions across disciplines with quantifiable
results. This insight has led to the development of a multitude of benchmarking frameworks (e.g., [1, 2, 3])
and online leaderboards in recent years.1 Among these, Gerbil QA [1] is a framework that focuses on
benchmarking question answering (QA) systems.

However, benchmarks are of little use if the results they provide do not lead to actionable insights [4].
We address this challenge in our recent work by proposing an approach for automatically explaining
benchmarking results [5]. Our goal of this demonstration is to showcase the practical application of this
approach by integrating our newly developed generation of explanations into the open-source Gerbil
QA benchmarking framework to enable real-world users to benefit from the generated explanations.
Our demonstration includes the evaluation of a question answering system and the generation of
human-readable explanations summarizing the strengths of the evaluated system. The Gerbil QA
benchmarking framework with our explanation generation in the backend is available online at https:
//gerbil-qa.aksw.org/gerbil/config.

2. System Overview

Our demonstration extends Gerbil QA and comprises four main components depicted in Figure 1:

1. The Gerbil QA benchmarking framework proposed by Usbeck et al. [1] is an online platform
that enables users to benchmark question answering systems in a repeatable and comparable
way abiding by the FAIR data principles [6]
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2. Our newly developed explanation service [5] learns a description logic concept describing com-
monalities of correctly answered questions that distinguish them from those questions that the
benchmarked system could not answer.

3. Our system is based on a knowledge base that contains data about the benchmark datasets in
RDF.

4. A Large Language Module—in our current implementation, gemma-3-27b [7]—is used to verbalize
the previously learned description logic concept.

The workflow of our extension comprises three steps. First, after the user configured an experiment
in Gerbil QA we measure the single F1 scores that the benchmarked QA system achieves for each
single question. After that, we separate the questions into two sets. Questions with an F1 score of 0.5 or
higher are treated as correctly answered questions while all other questions are added to the set of not
correctly answered questions.

In the second step, the explanation service receives the name of the dataset that has been used for
the evaluation and the two sets of questions as input. For each supported dataset, we generated a
knowledge graph representing the benchmarking dataset. These graphs comprise a representation of
each question as resource and additional data about the question that has been gathered from three
sources:

1. Features that have been gathered from the natural language question, e.g., a dependency parse
tree.

2. The expected answers for the question. In case the answer comprises entities from a reference
knowledge graph, we add the concise bounded description (CBD) of these entities as well.

3. The SPARQL query that selects the expected answers from the reference knowledge graph and
features of these queries, e.g., entities that are mentioned within the query are added with their
CBD.

Given this pre-generated knowledge graph and the provided sets of questions, we use a concept
learner to learn a description logic concept that describes the correctly answered questions and what
distinguishes them from the incorrectly answered ones. More details about this step are presented in
our research paper [5].

In the third step, the learned description logics concept is verbalized by a Large Language Model
(LLM). The resulting human-readable explanation is returned to the Gerbil QA system and included
into the experiment results.
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Figure 1: Overview of the three steps of our system, where red, blue, and green arrows represent the first,

second, and third step, respectively.



(a) Experiment configuration interface

(b) Result page with evaluation metrics and explanations

Figure 2: Overview of the Gerbil QA benchmarking workflow, a citable link to the example experiment results

is available at https://gerbil-qa.aksw.org/gerbil/experiment?id=202601300003.

3. Demonstration Walkthrough

The demonstration starts with a user configuring an experiment in the Gerbil QA web interface,
the benchmarking process requires the following two inputs: 1. the benchmark dataset used for the

https://gerbil-qa.aksw.org/gerbil/experiment?id=202601300003


experiment, and 2. the results generated by the question answering (QA) system. Figure 2a shows the
configuration of an experiment example in the Gerbil QA interface. At the moment, our explanation
service supports three QALD datasets—QALD9 plus DBpedia, QALD9 plus Wikidata, and QALD10 [8, 9].
Hence, our demonstration focuses on these datasets.

For each experiment, Gerbil QA provides a citeable link [1] that can be used to load the result
page of the experiments. This page—shown in Figure 2b—contains a result table that summarizes the
evaluation results for the questions answering task as well as several subtasks, like entity linking or
relation extraction (See [1] for a detailed description). In the newly added second line of the table, the
human-readable explanation generated by our explanation service is provided.

4. Conclusion

We present a demonstration of the integration of an explainable benchmarking approach for question
answering into Gerbil QA. Our demo showcases how such an integration complements traditional
evaluation metrics with human-readable explanations. As future work, we plan to extend the number
of knowledge bases to support other established QA benchmarking datasets.

Declaration on Generative AI

During the preparation of this work, the author(s) used gemma-3-27b in order to: verbalize the learned de-
scription logic concept to human-readable explanations in Figure 2b. After using these tool(s)/service(s),
the author(s) reviewed and edited the content as needed and take(s) full responsibility for the publica-
tion’s content.
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