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Abstract

Knowledge graphs have emerged as a popular
method for injecting up-to-date, factual knowl-
edge into large language models (LLMs). This
is typically achieved by converting the knowl-
edge graph into text that the LLM can pro-
cess in context. While multiple methods of en-
coding knowledge graphs have been proposed,
the impact of this textualization process on
LLM performance remains under-explored. We
introduce KG-LLM-Bench, a comprehensive
and extensible benchmark spanning five knowl-
edge graph understanding tasks, and evaluate
how different encoding strategies affect perfor-
mance across various base models. Our ex-
tensive experiments with seven language mod-
els and five textualization strategies provide
insights for optimizing LLM performance on
KG reasoning tasks.

1 Introduction

The integration of knowledge graphs (KGs) with
large language models (LLMs) has emerged as
an important approach for enhancing contextual
understanding in Al systems (Kau et al., 2024).
Knowledge graphs are large structured databases of
factual information that encode real world entities
and their relationships. Recent surveys have high-
lighted the complementary nature of LLMs (static,
unstructured, opaque, general) and KGs (dynamic,
structured, interpretable, specific) (Pan et al., 2023;
Zhu et al., 2023; Yang et al., 2023a; Li et al., 2024,
Pan et al., 2024; Fan et al., 2024). This synergy has
driven research on specialized architectures and
algorithms for their integration (Luo et al., 2023;
Wen et al., 2023; Markowitz et al., 2024). Most of
these approaches rely on converting the KG to a
readable text format suitable for LLM processing.
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However, many of these algorithms give little
consideration to the specific method of KG textu-
alization (Fatemi et al., 2023; Chen et al., 2024,
Yu et al., 2024). The most common approach sim-
ply encodes the KG as a list of edges in the form
(source entity label, relation, object entity label).
It is assumed that any approach will be equally ef-
fective and that using the same format ensures fair
model comparison (Guo et al., 2023; Wang et al.,
2024).

In this work, we challenge these assumptions
and demonstrate that textualization strategy signifi-
cantly impacts performance. Our experiments show
that choosing the right strategy can improve overall
benchmark performance by up to 17.5% absolute
difference, with even larger gains on specific tasks.
Figure 1 illustrates an example of the problem we
are trying to analyze.

Our contributions are:

1. A scalable and extensible benchmark for an-
alyzing how LLMs process and understand
in-context knowledge graphs with five differ-
ent tasks covering important KG reasoning
capabilities.

2. Experiments covering five different textualiza-
tion strategies using seven different popular
LLM models, resulting in new insights and
best practices.

3. Experiments with pseuodnyms showing that
LLMs do not heavily rely on memorized in-
formation when processing in-context knowl-
edge graphs (overall difference of 0.2%).

4. A public release of the benchmark and frame-
work so that it can be rapidly expanded.

2 Background

Knowledge Graphs are large structured databases
that store factual associations as edges in a graph.
They come in many varieties from general knowl-
edge (Vrandeci¢ and Krétzsch, 2014; Lehmann



The following presents a knowledge graph
Textualize: as a list of edges between entities: A: Switzerland
List of Edges | Edges: [
[Canada, borders, USA], X
[France, borders, Germany],
T [France, member of, G7],
B A Question: Which members of G7 border Germany?
—® \
\\ /\“// The following presents a KG in a JSON formatQ LLM
[/ where keys are entities and values are a dict of
N — relationships to object entities:
{Canada:
¢ [{borders: [USAJ}]},
France:
Textualize: [{borders: [Germany, ltaly, ...]}, A: France
JSON —> {member of: [G7, ...]} \/

Question: Which members of G7 border Germany?

Figure 1: Different formats for graph textualization can result in highly varied performance on downstream tasks.

et al., 2015) to domain-specific variants (Finance:
Liu et al., 2019; Geology: Zhu et al., 2017; Chem-
istry: Choi and Lee, 2019; Farazi et al., 2020; Biol-
ogy: Zhang et al., 2023, and Medicine: Yang et al.,
2023b).

We formally define a source knowledge graph
K = (€, R, T) where £ is the set of entities, R is
the set of relation types, and 7T is the set of edges
of the form (s,7,0) € £ X R x £ e.g., (‘Inception’,
‘director’, ‘Christopher Nolan’).

We can define a subgraph of K as G =
(Ge,Gr,GT) where Ge C &, Gr C R, and
GrcT.

Large Language Models can learn from infor-
mation passed into their context window. This is
used in retrieval augmented generation to produce
more accurate LLM responses (Lewis et al., 2020).
We can define the generation process using LLM 7
that responds to a query ¢ using context text c:

§=m(c,q) (1)

where 7 generates a response . This context can
include any text-format data, including various text
encodings for knowledge graphs (Fig 1).

3 Related Work

Benchmarks for Graphs Reasoning Recent
work has extensively evaluated LLM understand-
ing of graph-structured data. Most benchmarks
focus on simple graphs rather than knowledge
graphs, including GPT4Graph (Guo et al., 2023),
GraphArena (Tang et al., 2024), and GraCoRe
(Yuan et al., 2024). Research has expanded to text-
space graph foundation models (Chen et al., 2024)
and hypergraphs (Feng et al., 2024). Particularly

relevant to our work, Fatemi et al. (2023) evalu-
ates how different natural language presentations
affect graph understanding, and was later extended
to learned graph encoders (Perozzi et al., 2024).

KG Question Answering (KGQA) Bench-
marks The KGQA field has produced several
key benchmarks, including QALD-10 (Usbeck
et al., 2023), 2WikiMultiHop (Ho et al., 2020), and
MetaQA (Zhang et al., 2018). While HotpotQA
(Yang et al., 2018) is not KG-grounded, it is still
often used for knowledge grounded evaluation. Re-
cent work like CLR-Fact (Zheng et al., 2024) eval-
uates LLMs on complex logical query answering
(Arakelyan et al., 2020; Galkin et al., 2024).

More focused studies have examined specific
KG processing capabilities in LLMs, including
KG completion (Yao et al., 2023), construction
(Zhu et al., 2024), causal reasoning (Kim et al.,
2024), and trustworthiness enhancement (Sui et al.,
2024). While some work has explored KG for-
matting, such as RDF Turtle parsing (Frey et al.,
2023) and natural language presentations (Dai et al.,
2024), our work presents the first comprehensive
evaluation of textualization strategies.

KG-Grounded Models and Algorithms Re-
cent approaches to grounding LLMs with knowl-
edge graphs include Think-on-Graph (Sun et al.,
2023) and MindMap (Wen et al., 2023). Tree-of-
Traversals (Markowitz et al., 2024) enables test-
time search over KG reasoning paths. Alternative
approaches like graph-to-tree text encoding (Yu
et al., 2024) focus on specialized encoding strate-
gies.

LLM Reasoning and Long Context Models
Two emerging research directions could signifi-



cantly impact KG reasoning capabilities. Test-
time reasoning models like OpenAl’s o1/03 and
DeepSeek’s R1 (DeepSeek-Al et al., 2025) en-
able using enhanced computational resources at
inference-time. Meanwhile, advances in long con-
text models (Chen et al., 2023; Lieber et al., 2024;
Hooper et al., 2024; Munkhdalai et al., 2024) al-
low processing of larger knowledge graphs. Our
benchmark is positioned to evaluate both these de-
velopments in the context of graph reasoning.

4 KG-LLM-Bench Framework

This section details the methodology of KG-LLM-
Bench, which evaluates LLMs on knowledge graph
question answering tasks. In summary, the LLM
answers task-specific questions based on a KG
subgraph G, with responses evaluated against pre-
defined scoring criteria. Figure 2 provides an
overview of our framework.

4.1 Text Representation of KG

We define a set of textualization functions F that
convert the structured knowledge graph G into a
textual representation g € W*, where W* repre-
sents the set of all possible text strings:

zq = f(G) 2

where f € F. The specific textualization functions
are detailed in Sec 6.2.

4.2 Query Construction

We design a set of tasks where each task T' (e.g.,
triple retrieval, shortest path) can be used to gener-
ate queries ¢ and answers a for graph G:

q=9r(G) 3)
a=Ar(G,q) “4)

where Q7 formulates the natural language query
and Ap generates the corresponding answer. These
are stochastic functions but are implemented with
fixed seeds to ensure deterministic behavior.

4.3 Model Generation and Evaluation

The LLM 7 generates an answer § = 7(xq,q)
using the textualized graph as context. We evalu-
ate this against the ground truth a using a scoring
function S:

s =8(j,a) € {0,1} (5)

where s indicates correctness. While S is customiz-
able, we use exact match in our experiments. The
complete pipeline can be expressed as:

s =S (7 (f(G), Qr(G)), Ar(G, Qr(G))) (6)

4.4 Optimizing for an LLM

We can consider optimizing the textualization
choice for a given model as an optimization of
the expected performance of the LLM over the
distribution of tasks, possible graph contexts, and
questions and answers:

maxEr g o 4 [

feFr

§(m(f(G), 0r(G), Ar(G, Qr(G))) |

4.5 Sampling graphs

We sample graphs G ~ subgraph(K) using seed
entities, sampling radius, and max edges param-
eters. For each seed entity, we first sample ego-
graphs containing all edges within the specified
radius. An ego-graph for entity e with radius r is
defined as EgoGraph(e,r) =

{t = (s,r,0)|d(e,s) <r,d(e,0) <r,teT}
(®)
where d is the graph distance function. After com-
bining ego-graphs, we apply a low-degree filter to
remove single-edge entities, then randomly prune
edges to meet the size constraint.

4.6 Pseudonymization

To ensure models rely solely on the provided
knowledge graph rather than pre-trained knowl-
edge, we introduce a pseudonymization function p
that maps entities to synthetic labels. Given a set
of pseudonymized entity labels £, we create:

G =p(G,¢) 9)

where the pseudonymization creates the mapping
{e :éle € Gg,é € 5} and applies it to G.

For our experiments with historical country
entities, we generate semantically appropriate
pseudonyms using a combination of a name gen-
erator tool* and LLM-generated names, filtering
inappropriate or insulting samples.

“https://www.name-generator.org.uk/
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Figure 2: Framework for KG-LLM-Bench.

5 KG LLM Tasks

We present five fundamental tasks in our bench-
mark, each chosen to evaluate distinct aspects of
KG reasoning: retrieval, path-based reasoning, lo-
cal aggregation, multi-hop aggregation, and global
analysis. Together, these tasks provide a compre-
hensive evaluation of an LLM’s ability to reason
over knowledge graphs.

5.1 Triple Retrieval Task

The TripleRetrieval task tests an LLM’s fundamen-
tal ability to verify the presence of relationships
in graph G. This capability underlies all more
complex graph reasoning tasks, as models must
first accurately identify existing relationships be-
fore performing higher-order reasoning.

Questions are evenly split between positive and
negative cases. Positive samples are drawn directly
from edges (s,r,0) ~ G7. For negative sam-
ples, we create invalid edges by replacing either the
source entity, relation type, or object entity with
alternatives (s’, 0’ ~ Gg¢ or r’ ~ G) such that the
resulting edge does not exist in G

5.2 Shortest Path Task

The ShortestPath task evaluates a model’s ability
to find the shortest path between two entities in
G, considering edges in either direction. This task
is relevant as the shortest path between two en-
tities is likely to represent the strongest associ-
ation between those two entities. For instance,
“my brother’s employer” is a more direct and in-
formative association than “my mother’s sister’s
nephew’s employer”. Detailed implementation is
provided in Appendix A.2.

5.3 Aggregation By Relation

The AggByRelation task tests local aggregation
from anchor nodes, a common requirement in real-
world queries. For example, “How many diplo-

matic relations does Uruguay have?” requires ag-
gregating connections from a specific entity.

Questions in this task take the form “How many
{incoming/outgoing} relations of type {relation
type} does {anchor entity} have?”. Since randomly
sampling a relation type and direction and anchor
entity most likely results in an aggregation over
a single edge, we modify the approach to ensure
variety in the questions and answers. Details of this
can be found in Appendix A.3.

5.4 Aggregation of Neighbor Properties

The AggNeighborProperty task extends aggrega-
tion to two-hop paths, requiring more complex rea-
soning. Models must answer questions of the form
“How many of the directly connected entities to
{anchor entity} have an outgoing property of type
{relation} in the knowledge graph?”. Many real
questions combine aggregation on multi-hop edges.
For instance “How many actors who starred in In-
ception have won Academy Awards?” or “How
many universities that collaborate with Stanford
University have research centers focused on artifi-
cial intelligence?”.

The task uses similar sampling approaches to Ag-
gByRelation but with modified aggregation func-
tions (Appendix A.4).

5.5 Highest Degree Node by Direction

The HighestDegree task tests global graph reason-
ing by identifying the entity with the most (incom-
ing/outgoing/total) edges in G. The distinction
between edge directions is significant. Since many
textualization functions group edges with the same
source, counting outgoing degree is a more local
problem than counting incoming degree.

While more difficult global tasks could be pro-
posed (e.g. graph isomorphism or connectivity
statistics), we note that at the scale of graph we use,
this task already proves to be relatively difficult.



Statistic Count
Core Entities 3,552
Attribute Entities 27,226
Core Relations 49
Attribute Relations 162
Core Facts 11,361
Attribute Facts 51,952

Table 1: Statistics of the WikiDataSets Countries dataset.
Core entities represent countries while attribute enti-
ties represent related concepts such as languages or
significant events. Core relations and facts involve only
country-to-country relationships, while attribute rela-
tions and facts connect countries to their attributes.

6 Experiments

The following section describes the setup for our
experiments. Our benchmark consists of five tasks
(100 instances each, plus pseudonymized versions)
and five textualization strategies, and we evaluate
on seven LLMs.

6.1 Data

Our experiments use the Countries knowledge
graph from WikiDataSets (Boschin and Bonald,
2019) as our source graph . This knowledge
graph is a subgraph related to historical countries
derived from Wikidata (Vrandeci¢ and Krotzsch,
2014).

The graph contains diverse relationship types
covering geographical relations (e.g., borders), po-
litical relations (e.g., diplomatic relations), and tem-
poral relations (e.g., followed by). In addition to
the 49 core relations there are 162 attribute rela-
tions that connect countries to other types of enti-
ties such as languages or significant events. Table
1 summarizes the key statistics of the dataset.

When sampling subgraphs for our tasks, we fol-
low the procedure outlined in Section 4.5. The spe-
cific parameters were chosen to ensure reasonable
questions could be generated for each task and that
the subgraph is reasonable in terms of context size.
Each question is asked over a subgraph with 200
edges. Full details are available in the appendix.
We generate 100 sets of subgraph, question, and
answer for each task.

6.2 Textualization Strategies

We evaluate five common textualization strategies
for converting knowledge graphs into text:

1. List-of-Edges: A simple triple-based repre-

sentation where each line contains a (subject,
predicate, object) statement.

2. Structured YAML: A hierarchical represen-
tation using YAML syntax, grouping relation-
ships by subject entities.

3. Structured JSON: Similar to YAML but us-
ing JSON syntax.

4. RDF Turtle: A W3C standard format for
representing RDF graphs, using prefixes and
semicolons to group statements with the same
subject. This format is commonly used in
semantic web applications.

5. JSON-LD: A JSON-based format for linked
data that provides both human-readable struc-
ture and semantic web compatibility through
the inclusion of contexts and URIs.

Each format represents different tradeoffs be-
tween compactness, readability, and structure, al-
lowing us to evaluate how these characteristics af-
fect LLM performance. Details and examples can
be seen in Appendix B.

6.3 Models

We evaluate seven different language models span-
ning different sizes and architectures. These mod-
els are Llama 3.3-70B (Meta, 2024b), Llama 3.2-
1B (Meta, 2024a), GPT-40-Mini (OpenAl, 2024),
Claude-3.5-Sonnet (Anthropic, 2024), Amazon
Nova Lite (Intelligence, 2024), Amazon Nova Pro
(Intelligence, 2024), and Gemini-1.5-Flash (Gem-
ini Team, 2024) This selection allows us to evaluate
the effect of textualization strategies across a broad
range of models.

6.4 Evaluation Protocol

To construct the benchmark and run the experi-
ments, we do the following steps for each task.

1. Sample 100 subgraphs from C (Sec 4.5)

2. Pseudonymize each subgraph (Eq. 9)

3. Generate questions and answers following

task-specific protocols (Sec 4.2).

4. Apply textualization strategies f € F (Eq. 2)

5. For each dataset, query model (Eq. 1)

6. Evaluate with exact match (Eq. 5)

7 Results

The following section presents our results. Our
main finding is the best overall textualization strate-
gies are Structured JSON and List of Edges. How-
ever, there is a complex interplay between the tex-
tualization of the graph, the model and the task.
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Figure 3: Heatmaps of the performance of various models. Each heatmap shows tasks as rows and textualize
functions as columns. (Top) Heatmap colors as globally weighted from [0.0-1.0]. (bottom) heatmap colors
normalized for each task [task minimum-task maximum]. The tasks are ordered from easiest overall to hardest. The
textualization functions are ordered from best performing overall to worst. Additional models are in the appendix.

Table 2: Best Textualization Strategy for Each Model

Model Best f
claude-3.5-sonnet-v2  RDF Turtle
gemini-1.5-flash List of Edges
gpt-4o0-mini List of Edges
llama3.2-1b-instruct ~ List of Edges
Ilama3.3-70b-instruct ~ Structured JSON
nova-lite Structured JSON
nova-pro JSON-LD

This can be seen in the different performance pat-
terns in Figure 3. Therefore, developers must op-
timize textualization choice for their specific use
case and model. We will present analysis on the
high-level effect of textualization choice, how the
selected models compare to each other, the effect
of pseudonymization on suppressing memorized in-
formation, and the token efficiency of the different
textualization strategies.

The full results data is presented in Table 5 in
the appendix due to space constraints, and more
tailored results are presented in this section.

7.1 Effect of Textualization Function

While not all global results on textualization hold
true for every model, there are some global pat-

Format Performance Relative to Mean

Across Tasks and Models
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Figure 4: Mean performance across different tasks for
different textualization strategies. The values show the
absolute diference in performance for each textualiza-
tion function compared to the mean for that task. The
mean is shown as the dashed circle.

terns that we see. Figure 4 gives a radar plot of
performance by textualization function. Structured
JSON performs best (0.42 average), followed by
YAML and List-of-Edges, while RDF Turtle (0.35)
and JSON-LD (0.34) perform worst. Part of the
reason for this may be the more complex encod-
ing strategies and use of URIs makes the format
more difficult to parse. This may be further ampli-
fied by the fact that it dramatically increases the
input token counts which may cause performance



Model Performance Across Tasks

(Using Best Overall Format per Model)
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Figure 5: Mean performance across different tasks for
each model.

degradation on some of the models.

Across all tasks, List-of-Edges performs quite
well. This may be due to the fact it is the most
commonly used, and thus may be the most com-
mon encoding format in instruction tuning data.
On the aggregation tasks Structured YAML and
Structured JSON outperform. This makes sense as
these structures naturally aggregate related edges
together. List-of-Edges only seems better on the
global task of Highest Degree Node. This, too,
makes sense, as the highest degree node will ap-
pear the most times in the list of edges format, but
that is not guaranteed nor likely to be the case in
the structured formats.

7.2 Model Performance

We can also use KG-LLM-Bench to compare the
performance of various models. We plot the com-
parative performances of the seven models in Fig-
ure 5. To enable a fair comparison, we use data
from the best performing overall textualization
strategy for each model (Table 2). We can see that
the best performing approach is highly variable
model to model.

Overall, task performance and model rankings
align with expectations. The easiest task is Triple
Retrieval and the hardest task is Shortest Path. Sur-
prisingly, Highest Degree task appeared to be sig-
nificantly harder (most models less than 20%) com-
pared to the two aggregation tasks (most models
scoring 40%-60%).

There were two notable outliers on performance.
The biggest outlier was Nova-Pro scored by far
the highest on the Shortest Path task, 47% with
RDF Turtle and 44% with JSON-LD. The next best
single Shortest Path result was gpt-40-mini scor-
ing 17% with Structured YAML. The other major
outlier is Claude-3.5-Sonnet performance on the
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Figure 6: Impact of pseudonymization by task. Higher
means that the model did better with pseudonymization.
Each color represents a different model.

Table 3: Average Input Token Usage by Format

Textualizer Mean Input Tokens
List of Edges 2644.8 4+ 390.4
Structured JSON 4504.7 +1123.2
Structured YAML 2903.1 £ 655.9
RDF Turtle 8171.1 £ 2284.6
JSON-LD 13503.4 4+ 3611.2
Overall 6345.4 + 1613.1

Highest Degree task. Sonnet received 61.5% with
RDF-Turtle and averaged 44.3% over all formats.
This is much better than the next best performer,
Nova Pro at 16.2%. Partially helped by these outlier
abilities, Claude-3.5-Sonnet and Nova-Pro were the
top overall models.

7.3 Pseudonymization

Pseudonymization shows minimal effect, likely be-
cause questions on sampled subgraphs of K already
prevent reliance on memorized information. This is
because there is a low chance of the memorized in-
formation being present (e.g. knowing the number
of countries France borders is not helpful if G only
contains a subset of those edges). There is some
limited evidence in Figure 6 that pseudonymization
actually helped on the Highest Degree Task. This
may be that the model would erroneously guess
based on memorized knowledge when it saw famil-
iar entity names.
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7.4 Token Efficiency

We note that not all textualization functions are
equally token efficient. In fact they can vary a lot.
List-of-Edges and and Structured YAML were the
most token efficient with below 3000 tokens per
prompt. These approaches are simple and have
commonly been used with LLMs that historically
had limited context windows. JSON-LD was the
least token efficient, taking over 13,000 tokens per
prompt followed by RDF Turtle at 8,000 tokens
per prompt. Since RDF Turtle and JSON-LD are
designed to be usable with semantic web technolo-
gies, they require complete and unambiguous spec-
ification of the schema. This results in many ad-
ditional specifications like namespaces and URI
encodings. We note that we even optimized some
of these choices to reduce token usage. More naive
encodings could use far more tokens.

7.5 Aggregation Direction

We find that aggregation performance significantly
differs by aggregation direction. Figure 7 shows the
effect of aggregation direction when performing the
HighestDegree task. The models do significantly
better when predicting highest degree by outgoing
edges than by incoming. In all the textualization
formats (including our implementation of List of
Edges), outgoing edges are listed next to each other.
This makes it much easier for the model to aggre-
gate over outgoing edges than over incoming ones.
This difference is least pronounced in RDF Turtle.

8 Aggregation Dependence on Degree

We analyze aggregation degree affects model per-
formance on the AggregationByRelation task, and
present the results in Figure 8. For a single edge
aggregation, the model answers correctly over 80%
of the time and remains above 50% for aggrega-
tions up to degree 4. Beyond that, performance
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Figure 8: Effect of aggregation size on accuracy in
AggByRelation task. Numbers show the count of results
in each bin. We note that while the counts are high these
do not represent completely i.i.d. samples as the same
base question will be presented many times.

rapidly degrades to around 10%. The sharpness of
the dropoff indicates these models have significant
room for improvement in aggregation capability.

9 Future Work

There are a many directions for future work based
on KG-LLM-Bench. Our framework’s modular de-
sign allows for easy extension to new tasks, graphs,
models, and textualization strategies.

In terms of research, we see two major directions
to extend KG-LLM-Bench: Scale and Reasoning.
In terms of scale, KG-LLM-Bench can be easily
scaled by modifying the subgraph sampling param-
eters, and the source graph can be easily swapped
should that become an issue. This enables the study
of long-context reasoning over KGs.

The other major direction would be to support
studying of test-time reasoning on KGs. The gen-
eration of new queries is a bottleneck in develop-
ing reasoning models for LLMs. Since KG-LLM-
Bench can continuously generate new queries, it
could be a useful in training KG reasoning models.

10 Conclusion

In this work, we introduced KG-LLM-Bench, a
comprehensive and extensible benchmark for eval-
uating how LLMs process and understand textual-
ized knowledge graphs. Through extensive experi-
ments across five distinct tasks, seven models, and
five textualization strategies, we demonstrated that
the choice of textualization strategy has a signifi-
cant impact on model performance. While simpler
formats like List-of-Edges and Structured JSON
tend to perform well overall, the best performing
format varies depending on model and task.



By understanding and improving how LLMs
process structured knowledge, we can ultimately
develop more reliable and effective knowledge-
enhanced language models.

11 Limitations

Here we note some limitations of our experiments
and framework. First, our evaluation uses only the
WikiDataSets Countries knowledge graph. While
this provides a controlled environment, the experi-
ments should be expanded to other domains with
different relationship types. Second, we use sub-
graphs of 200 edges to ensure reasonable context
windows, which may not accurately reflect capabil-
ities on smaller graphs, nor capture the challenges
of reasoning over larger knowledge graphs. Finally,
while we evaluate different textualization strategies,
our experiments are conducted in English (though
some entities are in other languages).

There are a few current limitations in our frame-
work. It currently only handles knowledge graphs
with the defined triple structure. It cannot handle lit-
eral values (numbers or dates), temporal knowledge
graphs, or any form of hypergraph (e.g. Wikidata
edges can have qualifier edges). These would make
good areas for future expansion.

12 Ethical Statement

We see no immediate ethical impact of this work.
The authors believe that more factual and trustwor-
thy Al models are ethically desirable. However,
this work can be used for enhancing Al capabili-
ties, which could present other ethical ramifications.
We encourage anyone using KG-LLM-Bench to
consider the ethical impact of their work or appli-
cations.
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A Additonal Implementation Details

A.1 Evaluation Algorithm

Algorithm 1 gives the formal algorithm for KG-
LLM-Bench constructin and evaluation.

A.2 Shortest Path

We consider the shortest path between source en-
tity es; and destination entity e4 using edges in
any direction. So for instance, we could use the
edges (es, r1,e1) and (eq, r2, e1) to form the path
[es, €1, €4]. This makes the task potentially more
difficult as it forces the model to rely on associa-
tions that appear in the reversed order from how
they appear in the text representation .

To construct these questions, we take two of the
seed entities used to construct the subgraph G (e
and e4) and set them as the source and destination
nodes for the question. We then collect the set of
all shortest paths P = py, ..., pr from e to e4 in
KC. We use the set of all entities in p; as additional
seed entities for subgraph(K) and further ensure
that all edges in p; become part of GG. This ensures
that at least p; is present in the graph. Finally, we
consider any answer in P to be a valid answer.

A.3 Aggregation by Relation

Here we present additional details on the construc-
tion of AggByRelation questions. In our work, we
use COUNT aggregation as we do not consider edges
with literal expressions (e.g. numbers or dates),
only other entities.

We first compute the aggregation count for every
possible question that could be constructed for G
(every direction, relation type, and anchor entity).
Specifically

Agg(s,r,dir) =
L (s,r,e) dir=1
~(e,r,s) dir=0

e € Gg,te GT}

(10)

Algorithm 1: KG-LLM-Bench

Input

: K= (€, R, T): Knowledge graph
JF: Textualization function set

T Task set

m: Language model

é: Pseudonym entity set

N: Number of instances

Output: {s;;,}: Evaluation scores where

i, J, k index tasks, textualization,
and question instance

forT € 7T do

/*

Construct N instances */

for: <+ 1to N do

/* Sample subgraph from
knowledge graph */

G; ~ subgraph(K) >Sec 4.5

/* Create anonymized version
if requested */

Gz%p<G“5’) >Eq. 9

/* Generate task-specific
question and ground truth
*/

¢ +— Qr(Gy)

a; < AT(Gi, qi) >Sec 4.2

/* Evaluate each textualization

strategy */

for f € Fdo

for i < 1to N do
/* Convert graph to

textual format */
€T; < f(éz) >Eq. 2
/* Query LLM with context

and question */

Ui < (T4, qi) >Eg. 1

/* Evaluate response with
exact match */

S; < S(g)z,al) >Eq. 5



https://api.semanticscholar.org/CorpusID:258833039
https://api.semanticscholar.org/CorpusID:258833039
https://api.semanticscholar.org/CorpusID:258833039
https://arxiv.org/abs/2305.13168
https://arxiv.org/abs/2305.13168
https://arxiv.org/abs/2305.13168

We then collect the set of possible answers A =
{Agg(s,r,dir)|s € Gg,r € Gr,dir € [1,0]}
and randomly select an answer a ~ A. After
selecting the desired answer, we finally sample
the s, r, and dir that would give answer a:
(s,r,dir) ~ {(s,r,dir)|Agg(s,r, dir) = a}.

A4 Aggregation of Neighbor Properties

To construct these questions we follow the same
procedure as the previous task but use a different
aggregation formula.

Agg(s,r) =

{61 S Gg’zltl,tg € Gr:

b€ {(s,_sen), (er, )} At = (enr )}

1D

[T}

_” indicates wildcards that could match any
relation or entity that makes the edge valid in G

A.5 Sampling Parameters

Table 4 details the sampling parameters used for
each task in our benchmark.

A.6 Pseudonymization

For pseudonymization, we use a pre-defined set
of country pseudonyms stored in csv file. These
pseudonyms are designed to maintain the semantic
naturalness of the graph while preventing the model
from leveraging pre-trained knowledge about real
countries.

We use a fake names generator to generate the
first 100 fake country names and then use claude-
3.5-sonnet to generate an additional 600 of a similar
style.

B Examples of Text Formats

B.1 List of Edges

(Andhra Pradesh, language used, 0dia),

(Guatemala, capital of, Federal Republic of Central
America),

(Guatemala, diplomatic relation, European Union),

(Brunei, member of, World Trade Organization),

(Brunei, member of, International Hydrographic
Organization),

(South Korea, diplomatic relation, Ukraine),

(South Korea, diplomatic relation, Colombia),

(South Korea, member of, G20)

]

B.2 Structured JSON

Your job is to answer questions using the following
knowledge graph. The knowledge graph is
presented as a list of directed edges of the
form (subject, relation, object). You must rely

exclusively on the information presented in
the Knowledge Graph to answer questions. If the
answer includes entities, always respond using
the entity label rather than entity ID (if
applicable).

Knowledge Graph:

{

"Andhra Pradesh”: {
"language used”: [
"Telugu”,
"Marathi”,
"0dia"
]
3,
"Guatemala": {
"capital of": [
"Federal Republic of Central America”
1,
"diplomatic relation”: [
"European Union"
]
3,
"Brunei”: {
"member of”: [
"World Trade Organization”,
"International Hydrographic Organization
]
3,
"South Korea": {
"diplomatic relation”: [
"Ukraine",
"Colombia”
1,
"member of”: [
"G20"
]

B.3 Structured YAML

Your job is to answer questions using the following
knowledge graph. The knowledge graph is
presented as a structured JSON format. Each
entity is a key, and the value is a dictionary
of relations and objects.. You must rely
exclusively on the information presented in the

Knowledge Graph to answer questions. If the
answer includes entities, always respond using
the entity label rather than entity ID (if
applicable).

Knowledge Graph:

Edges: [

(Andhra Pradesh, language used, Telugu),
(Andhra Pradesh, language used, Marathi),

Your job is to answer questions using the following
knowledge graph. The knowledge graph is
presented as a structured YAML format. Each
entity is a key, and the value is a dictionary
of relations and objects.. You must rely
exclusively on the information presented in the

Knowledge Graph to answer questions. If the
answer includes entities, always respond using
the entity label rather than entity ID (if
applicable).

Knowledge Graph:
Andhra Pradesh:
language used:
- Telugu
- Marathi
- Odia

Guatemala:
capital of:
- Federal Republic of Central America
diplomatic relation:
- European Union




Task Instances Seed Entities Max Edges Sample Radius Min Degree
Triple Retrieval 100 10 200 1 1
Shortest Path 100 10 200 1 1
Highest Degree Node 100 10 200 1 1
Agg by Relation 100 1 200 2 2
Agg of Neighbor Properties 100 1 200 2 2

Table 4: Sampling parameters used for each task. Min degree filter is applied before the max edge constraint.

Brunei:
member of:
- World Trade Organization
- International Hydrographic Organization

South Korea:
diplomatic relation:
- Ukraine
- Colombia
member of:
- G20

B.4 RDF Turtle

Your job is to answer questions using the following
knowledge graph. The knowledge graph is
presented as RDF Turtle format using node IDs
and relation IDs.. You must rely exclusively on

the information presented in the Knowledge
Graph to answer questions. If the answer
includes entities, always respond using the
entity label rather than entity ID (if
applicable).

Knowledge Graph:

@prefix ex: <http://example.org/countries#>

@prefix rdf: <http://www.w3.0rg/1999/02/22-rdf-
syntax -ns#>

@prefix rdfs: <http://www.w3.0rg/2000/01/rdf-schema
#>

ex:R1 a rdf:Property ;
rdfs:label "language used”

ex:R2 a rdf:Property ;
rdfs:label "member of"

ex:R3 a rdf:Property ;
rdfs:label "diplomatic relation”

ex:R4 a rdf:Property ;
rdfs:label "capital of”

ex:1 a ex:Country ;
rdfs:label "Andhra Pradesh”
ex:R1 ex:101, ex:102, ex:103

ex:101 a ex:Language ;
rdfs:label "Telugu”

ex:102 a ex:Language ;
rdfs:label "Marathi”

ex:103 a ex:Language ;
rdfs:label "Odia”

ex:2 a ex:Country ;
rdfs:label "Guatemala”
ex:R4 ex:201 ;
ex:R3 ex:202

ex:201 a ex:Country ;
rdfs:label "Federal Republic of Central America”
ex:202 a ex:0Organization ;

rdfs:label "European Union”

ex:3 a ex:Country ;

rdfs:label "Brunei” ;
ex:R2 ex:301, ex:302

ex:301 a ex:0rganization ;
rdfs:label "World Trade Organization”

ex:302 a ex:0Organization ;
rdfs:label "International Hydrographic
Organization”

ex:4 a ex:Country ;
rdfs:label "South Korea” ;
ex:R3 ex:401, ex:402 ;
ex:R2 ex:403

ex:401 a ex:Country ;
rdfs:label "Ukraine”

ex:402 a ex:Country ;
rdfs:label "Colombia”

ex:403 a ex:0rganization ;
rdfs:label "G20"

B.5 JSON-LD

"Your job is to answer questions using the following

knowledge graph. The knowledge graph is

presented as JSON-LD format using node IDs and

relation IDs.. You must rely exclusively on the
information presented in the Knowledge Graph

to answer questions. If the answer includes

entities, always respond using the entity label
rather than entity ID (if applicable).

Knowledge Graph:
{
"@context"”: {
"@context"”: {

"ex": "http://example.org/countries#"”
"label”: "rdfs:label”,
"rdf": "http://www.w3.0rg/1999/02/22-rdf -
syntax-ns#",
"rdfs": "http://www.w3.0rg/2000/01/rdf -schema
#",

"type": "@type"”

3

3,
"egraph”: [

{
"@id": "ex:R1",
"label”: "language used”,
"type": "rdf:Property”

3,

{
"@id": "ex:R3",
"label"”: "diplomatic relation”,
"type": "rdf:Property”

3,

{
"@id": ”ex:R4”,
"label”: "capital of",
"type": "rdf:Property”

3,

{
"@id": "ex:1",
"type": "ex:Country”,
"label”: "Andhra Pradesh”,
"ex:R1": [

{ "eid”: "ex:101" },




{ "eid": "ex:102" 3},
{ "eid"”: "ex:103" }
]
3,
{
"@id": "ex:101",
"type": "ex:Language",
"label”: "Telugu”
3,
{
"@id": "ex:102",
"type": "ex:Language",
"label”: "Marathi”
3,
{
"@id": "ex:103",
"type"”: "ex:Language”,
"label”: "Odia"
3,
{
"@id": "ex:2",
"type": "ex:Country”,
"label”: "Guatemala”,
"ex:R4": { "@id": "ex:201" 3},
"ex:R3": { "@id": "ex:202" }
1,
{
"@id": "ex:201",
"type": "ex:Country”,
"label”: "Federal Republic of Central America”
1,
{
"@id": "ex:202",
"type": "ex:0rganization”,
"label”: "European Union"
}
]
3

C Full Results

We present the full results and data over the follow-
ing pages.

C.1 Heatmap Results

Figure 9 presents the heatmap data for all models.
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Figure 9: Heatmaps of the performance of various models. Each heatmap shows tasks as rows and textualize
functions as columns. The top row of the grid shows the heatmap colors as globally weighted from [0.0-1.0]. The
bottom grid shows heatmap colors normalized for each task [task minimum-task maximum].



Table 5: Full Results Summary by Format and Model

Aggby Agg Neighbor

Highest

Shortest

Triple

Format Model Relation Properties Degree Path Retrieval Overall
§D claude-3.5-sonnet-v2 0.490 0.440 0.370 0.000 1.000 0.460
E +pseudo 0.530 0.530 0.460 0.000 1.000 0.504
b gemini-1.5-flash 0.520 0.430 0.000 0.080 1.000 0.406
RZ +pseudo 0.420 0.340 0.000 0.040 0.990 0.358
= gpt-4o-mini 0.400 0.520 0.140 0.150 0.980 0.438
+pseudo 0.400 0.580 0.270 0.140 0.910 0.460
llama3.2-1b-instruct 0.250 0.430 0.050 0.000 0.560 0.258

+pseudo 0.260 0.450 0.030 0.000 0.560 0.260
llama3.3-70b-instruct  0.540 0.590 0.200 0.000 0.970 0.460

+pseudo 0.470 0.620 0.180 0.010 0.980 0.452

nova-lite 0.390 0.560 0.120 0.000 0.990 0.412

+pseudo 0.410 0.540 0.160 0.010 0.980 0.420

nova-pro 0.460 0.520 0.130 0.150 0.990 0.450

+pseudo 0.450 0.530 0.230 0.110 0.990 0.462

Format Overall 0.436 0.499 0.144 0.054 0.927 0.412

+pseudo 0.420 0.513 0.190 0.044 0.916 0.417

% claude-3.5-sonnet-v2 0.550 0.520 0.330 0.000 0.990 0478
2] +pseudo 0.560 0.540 0.390 0.000 0.990 0.496
IS gemini-1.5-flash 0.500 0.410 0.000 0.060 0.960 0.386
% +pseudo 0.470 0.380 0.000 0.010 0.970 0.366
g gpt-40-mini 0.490 0.560 0.100 0.140 0.950 0.448
v +pseudo 0.420 0.580 0.100 0.160 0.940 0.440
llama3.2-1b-instruct 0.260 0.440 0.040 0.000 0.540 0.256

+pseudo 0.240 0.410 0.040 0.000 0.620 0.262
llama3.3-70b-instruct  0.530 0.600 0.190 0.000 0.980 0.460

+pseudo 0.500 0.710 0.200 0.000 0.970 0.476

nova-lite 0.490 0.590 0.100 0.000 0.960 0.428

+pseudo 0.440 0.580 0.120 0.000 0.950 0418

nova-pro 0.550 0.580 0.100 0.170 0.970 0.474

+pseudo 0.500 0.450 0.140 0.110 0.970 0.434

Format Overall 0.481 0.529 0.123 0.053 0.907 0.419

+pseudo 0.447 0.521 0.141 0.040 0.916 0.413

E claude-3.5-sonnet-v2 0.500 0.600 0.320 0.000 0.990 0.482
< +pseudo 0.540 0.460 0.410 0.000 0.980 0.478
Z gemini-1.5-flash 0.490 0.400 0.010 0.090 0.950 0.388
%) +pseudo 0.500 0.370 0.000 0.000 0.950 0.364
§ gpt-40-mini 0.490 0.540 0.070 0.200 0.940 0.448
8,5; +pseudo 0.460 0.570 0.120 0.140 0.940 0.446
llama3.2-1b-instruct 0.290 0.430 0.030 0.000 0.560 0.262

+pseudo 0.220 0.430 0.010 0.000 0.510 0.234
llama3.3-70b-instruct  0.510 0.550 0.150 0.000 0.960 0.434

+pseudo 0.500 0.620 0.120 0.000 1.000 0.448

nova-lite 0.410 0.540 0.100 0.000 0.950 0.400

Continued on next page



Table 5 — Continued from previous page

Aggb Agg Neighbor Highest Shortest  Triple

Format Model Re%ftio);l %’%oper%ies Deggree Path Retrizzval Overall
+pseudo 0.410 0.580 0.100 0.000 0.950 0.408
nova-pro 0.510 0.520 0.070 0.110 0.930 0.428
+pseudo 0.480 0.540 0.230 0.140 0.940 0.466
Format Overall 0.457 0.511 0.107 0.057 0.897 0.406
+pseudo 0.444 0.510 0.141 0.040 0.896 0.406
%’ claude-3.5-sonnet-v2 0.450 0.510 0.590 0.000 0.940 0.498
= +pseudo 0.510 0.540 0.640 0.000 0.970 0.532
E gemini-1.5-flash 0.460 0.330 0.000 0.060 0.890 0.348
&~ +pseudo 0.490 0.340 0.000 0.030 0.930 0.358
gpt-40-mini 0.310 0.270 0.070 0.140 0.690 0.296
+pseudo 0.330 0.260 0.050 0.030 0.630 0.260
llama3.2-1b-instruct 0.190 0.160 0.010 0.000 0.530 0.178
+pseudo 0.180 0.020 0.010 0.000 0.530 0.148
llama3.3-70b-instruct  0.400 0.380 0.050 0.010 0.790 0.326
+pseudo 0.410 0.310 0.050 0.000 0.840 0.322
nova-lite 0.410 0.400 0.060 0.030 0.820 0.344
+pseudo 0.400 0.370 0.110 0.010 0.780 0.334
nova-pro 0.330 0.440 0.100 0.500 0.880 0.450
+pseudo 0.470 0.360 0.210 0.440 0.830 0.462
Format Overall 0.364 0.356 0.126 0.106 0.791 0.349
+pseudo 0.399 0.314 0.153 0.073 0.787 0.345
a claude-3.5-sonnet-v2 0.500 0.370 0.370 0.000 0.980 0.444
z +pseudo 0.520 0.450 0.550 0.000 0.970 0.498
9) gemini-1.5-flash 0.460 0.330 0.000 0.230 0.910 0.386
- +pseudo 0.440 0.330 0.000 0.050 0.870 0.338
gpt-40-mini 0.380 0.210 0.130 0.090 0.670 0.296
+pseudo 0.390 0.180 0.110 0.040 0.600 0.264
llama3.2-1b-instruct 0.170 0.290 0.000 0.000 0.460 0.184
+pseudo 0.150 0.150 0.000 0.000 0.450 0.150
llama3.3-70b-instruct  0.350 0.320 0.020 0.000 0.760 0.290
+pseudo 0.410 0.330 0.020 0.000 0.730 0.298
nova-lite 0.330 0.360 0.110 0.000 0.820 0.324
+pseudo 0.380 0.340 0.170 0.000 0.730 0.324
nova-pro 0.440 0.380 0.210 0.420 0.900 0.470
+pseudo 0.440 0.320 0.200 0.470 0.850 0.456
Format Overall 0.376 0.323 0.120 0.106 0.786 0.342
+pseudo 0.390 0.300 0.150 0.080 0.743 0.333
Z claude-3.5-sonnet-v2 0.498 0.488 0.396 0.000 0.980 0.472
£ +pseudo 0.532 0.504 0.490 0.000 0.982 0.502
UE gemini-1.5-flash 0.486 0.380 0.002 0.104 0.942 0.383
= +pseudo 0.464 0.352 0.000 0.026 0.942 0.357
gpt-40-mini 0.414 0.420 0.102 0.144 0.846 0.385
+pseudo 0.400 0.434 0.130 0.102 0.804 0.374
llama3.2-1b-instruct 0.232 0.350 0.026 0.000 0.530 0.228

Continued on next page
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Aggby Agg Neighbor Highest Shortest  Triple

Format Model Relation Properties Degree Path Retrieval Overall
+pseudo 0.210 0.292 0.018 0.000 0.534 0.211
llama3.3-70b-instruct  0.466 0.488 0.122 0.002 0.892 0.394

+pseudo 0.458 0.518 0.114 0.002 0.904 0.399

nova-lite 0.406 0.490 0.098 0.006 0.908 0.382

+pseudo 0.408 0.482 0.132 0.004 0.878 0.381

nova-pro 0.458 0.488 0.122 0.270 0.934 0.454

+pseudo 0.468 0.440 0.202 0.254 0.916 0.456

Overall Score 0.423 0.443 0.124 0.075 0.862 0.385

+pseudo 0.420 0.432 0.155 0.055 0.851 0.383
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