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Abstract

Large Language Models (LLMs) can benefit from and help with the interaction with RDF Knowledge Graphs. But
how can one check what is possible and which LLM to choose? LLM-KG-Bench offers help to evaluate several
RDF-related capabilities of many LLMs. Because the number of results is steadily increasing, we propose here a
leaderboard for a summarized and configurable overview.
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1. Introduction

The capabilities of large language models (LLMs) to work with RDF Knowledge Graphs(KGs) sometimes
offer new possibilities (see e.g., [1, 2, 3]). Many RDF-related capabilities of LLMs can get evaluated with
the LLM-KG-Bench framework [4]'. In previous work [5, 6, 7, 8, 4, 9] more than 25 benchmark tasks
with automated evaluation capabilities were collected. To our knowledge, it is the biggest collection of
RDF-related automated benchmark tasks so far. The results get collected in a public GitHub repository*
and sparked further scientific evaluations (e.g., [10, 11]. But as the number of results is growing, an
overview is missing. Thus, we present here a new leaderboard automatically generated from existing and
new results generated with LLM-KG-Bench, including newly defined scores for RDF related capabilities.

2. Architecture

The LLM-KG-Bench Framework collects scores and information values together with LLM interaction
data and more log information and stores them in several files. For generating the leaderboard, we are
interested in score information stored in JSON files. Score data is defined here as a value from [0.0...1.0]
with 1.0 being the best and 0.0 the worst score.

Building upon existing framework functions and code, we added a new aggregation command to
generate files for a leaderboard overview based on given result files. This way the process can get
automated in a public Git repo and static pages served with services like, e.g., github pages.
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3. Components and Configuration

The leaderboard contains the following parts:

+ a summary table of combined scores, giving a short overview about several capability areas
« an overview of all tasks with one selected score column per task and one row per model
« capability plots (introduced in [4]) based on combined scores

« detailed statistics on all score data collected for all models. As this data is quite big, only its CSV
file is linked from the leaderboard page.

For each model, the combined scores get computed as configurable weighted average values of task
score values. We newly defined RDF capability scores and reused the SPARQL-related scores as used in
[9]. The following list gives an overview of the definition of the combined scores used:

R-Syn-1: RDF-Syntax-Capability on first answer, based on 0_combined scores of
RdfSyntaxFixList tasks.

R-Syn-max: RDF-Syntax-Capability on best answer, based on max_combined scores of
RdfSyntaxFixList tasks.

R-Sem: RDF-Semantics-Capability based on tasks RdfConnectionExplainStatic and
RdfFriendCount.

S-Syn-1: SPARQL-Syntax-Capability on first answer, based on 0_combined score of
SparqlSyntaxFixingListLcQuad task and 0_answerParse of
Text2SparqlExecEvalList tasks.

S-Syn-max: SPARQL-Syntax-Capability on best answer, based on max_combined
score of SparqlSyntaxFixingListLcQuad task and max_answerParse of
Text2SparqlExecEvalList tasks.

S-Sem-R: SPARQL-Semantic-Read-Capability, based on combinedF1 score of
Sparql2AnswerListOrga-turtle task.

S-Sem-W-1: SPARQL-Semantic-Write-Capability on first answer, based on 0_combined scores of
Text2SparqlExecEvalList tasks.

S-Sem-W-max: SPARQL-Semantic-Write-Capability on best answer, based on max_combined scores
of Text2SparqlExecEvalList tasks.

4. Results

The leaderboard is published and available at https://github.com/AKSW/LLM-KG-Bench-Leaderboard.
Additionally, the data files are published as hugging face dataset at https://huggingface.co/datasets/
lpmeyer/LLM-KG-Bench-Leaderboard.

The leaderboard contains scores from evaluations of more than 45 LLMs. This includes about 40
evaluations from earlier work (especially [4]) as well as, additionally, a selection of 6 updated LLMs
from the same main families: Claude 4.6 Opus, Claude 4.6 Sonnet, Gemini 3 Flash Preview, GPT 5.2-chat,
GPT 5.4 2026/03 and Qwen 3.5-397B

The leaderboard gives a brief introduction followed by the first section introducing the combined
scores and showing a sortable table with entries for each model and combined scores. This table spans
10 columns and 47 data rows. A part of this table is shown in fig. 1.

As the combined scores sometimes hide details, the next section of the leaderboard page shows
another table giving the average main score values for each task and LLM. This table contains 27
columns (model name + 26 score columns) and again 47 data rows.
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Model total v R-Syn-1 R-Syn-Max

Qwen-3.5-397B 0.977 (0.133) 0.941 (£0.215) 0.994 (£0.015)
GPTS.2-chat 0.955 (+0.178) 0.962 (+0.168) 0.995 (+0.014)
Gemini 3 Flash Preview 0.942 (+0.200) 0.961 (+0.168) 0.995 (+0.014)
Claude 3.5 Sonnet 0.933 (£0.222) 0.950 (+0.175) 0.990 (+0.022)
Deepseek-R1 0.931 (0.226) 0.955 (+£0.174) 0.991 (£0.020)
Claude 3.5 Haiku 0.925 (0.232) 0.937 (£0.203) 0.984 (£0.029)
Qwen-3-235B 0.919 (£0.246) 0.912 (£0.260) 0.993 (£0.017)

Figure 1: Screenshot from a part of the overview table. The full table contains 10 columns(model name + total
score + 8 combined scores) and 47 data rows
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Figure 2: A part of the capability plot list. These capability plots are included for each evaluated LLM and give
a graphical overview on the estimated RDF related capabilities of a LLM. The full list contains 47 capability plots.

The third section of the leaderboard page lists the capability plots [4, 9] for all LLMs. The capability
plots give a short graphical overview on the 8 combined scores of a LLM. Figure 2 shows a screenshot
of the first part of this list, the leaderboard contains 47 capability plots.

The fourth and last section of the leaderboard gives the links to the CSV source files for the tables
shown on the page plus the longest data table, too big to show on a single page, containing all mean
scores for all tasks and LLMs.

All data tables and plots are published in the GitHub repo, see the section Online Resources.

5. Discussion and Outlook

This leaderboard combines the results of many tasks defined in previous work on LLM-KG-Bench about
RDF and SPARQL-related tasks into concise CSV tables and plots shown on the leaderboard page. It
gives readers the possibility to easily compare the evaluated LLMs according to either several combined
scores or detailed results. This can be done either by sorting the tables accordingly or by detailed
analysis using the CSV files provided or by using the data analysis tools on the Hugging Face Dataset.

As we were able to include evaluation data from so many LLMs, one can see quite diverse results.
Interestingly, not always does the newest or biggest LLM score best on the RDF-related benchmark
tasks. This underscores the need for RDF-related LLM benchmarks.

Further work could offer more data analysis tools directly on the leaderboard page. Especially if the



number of LLMs and tasks grows further, probably some filters would help.

But altogether, the leaderboard presented here provides the opportunity to extend LLM-KG-Bench in
new RDF-related areas as well as evaluate more LLMs, and still keep an overview of the growing list of
results.

Online Resources

« Leaderboard:

https://aksw.github.io/LLM-KG-Bench-Leaderboard/

+ Leaderboard Data Repository:

https://github.com/AKSW/LLM-KG-Bench-Leaderboard

« Source Code:

https://github.com/AKSW/LLM-KG-Bench/tree/feature/Leaderboard

+ Dataset Entry at Hugging Face:

https://huggingface.co/datasets/lpmeyer/LLM-KG-Bench-Leaderboard
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