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Abstract

This deliverable presents a structured catalogue of 88 benchmarks and evaluation metrics
relevant to the quality of Large Language Models (LLMs). Each benchmark has been
verified against its source publication and classified along eight features identified through
Working Group 1 discussion: performance/reasoning (51 benchmarks), KG integration (34),
hallucination (18), factfulness (14), structured output quality (13), bias (9), robustness (8), and
explainability (4). The catalogue covers domains from general reasoning and commonsense
evaluation to biomedicine, climate science, finance, and data science.
The deliverable provides a measurement baseline for the augmentation strategies that
subsequent WG1 deliverables will develop. It also supports the wider KGELL Action by
clarifying which benchmark families are most relevant for assessing factuality, grounding,
structured output, bias, robustness, explainability, and the specific contribution of Knowledge
Graphs to LLM evaluation.

This deliverable is based upon work from COST Action KGELL, CA24121, “Knowledge Graphs in the Era of Large
Language Models”, supported by COST (European Cooperation in Science and Technology).
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1. INTRODUCTION

Large Language Models (LLMs) have become core components in a growing range of knowledge-
intensive applications, from question answering [41, 43] and information extraction [5, 54] to
knowledge graph construction [57, 78] and scientific discovery [2, 10, 11].

Their ability to generate fluent text, however, often comes at the cost of factual accuracy: LLMs can
produce plausible but incorrect statements (hallucinations), reproduce societal biases encoded
in their training data, and fail unpredictably on structured or domain-specific tasks [36]. For
applications that depend on reliable, verifiable knowledge, these shortcomings pose a serious
obstacle.

The KGELL COST Action (CA24121) investigates how Knowledge Graphs (KGs) [60] can aug-
ment LLMs to improve their accuracy, transparency, and trustworthiness [57]. Working Group 1
(WG1) focuses on strategies for using KGs to make LLMs more reliable, including fine-tuning with
KG-derived data, retrieval-augmented generation from KGs, and post-processing LLM outputs
against KG-based ground truth [65, 77]. A prerequisite for all of these strategies is the ability to
measure LLM quality along well-defined features: without reliable benchmarks and metrics, it
is impossible to assess whether a given KG-augmentation approach actually improves model
behaviour.

This deliverable presents a structured catalogue of 88 benchmarks and evaluation metrics relevant
to LLM quality. The catalogue was assembled by collecting benchmark contributions from WG1
members, verifying each entry against its source publication, and tagging each benchmark with
analysed features using a systematic, paper-grounded classification scheme. Each benchmark
is classified along eight features identified through WG1 discussion: performance/reasoning
(51 benchmarks), KG integration (34), hallucination (18), factfulness (14), structured output
quality (13), bias (9), robustness (8), and explainability (4). Benchmarks may be tagged with
more than one feature. The catalogue covers domains from general reasoning to biomedical
knowledge extraction, climate science, and trustworthiness assessment. All feature assignments
are confirmed based on direct reading of the source papers.

It is important to note that this catalogue is the result of an exploratory, community-driven collection
rather than a systematic literature review. The benchmarks included are those contributed and
identified by WG1 members during the first months of the Action; the catalogue does not claim
exhaustive coverage of the LLM evaluation landscape. Observations about feature distributions
and coverage patterns should therefore be interpreted in the context of this sample. A more
comprehensive and methodologically systematic analysis is planned for the coming months as
the Action progresses.

2. ANALYSED FEATURES
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2.1 The features

Through discussion within Working Group 1, we identified eight features along which each
benchmark in the catalogue is analysed. These features, listed in Table 1, reflect the quality
concerns that are most relevant to the KGELL Action’s mission and to the current LLM evaluation
landscape. Each benchmark is tagged with one or more features based on what its source paper
explicitly states it measures; the features are therefore non-exclusive.

KG integration (K) captures benchmarks that evaluate how LLMs interact with knowledge graphs:
retrieving information from them, reasoning over their structure, constructing new KGs from text,
or producing outputs that conform to ontological schemata. This feature is the most distinctive to
the KGELL Action and differentiates the present catalogue from general LLM benchmark surveys.
Factfulness (F) concerns whether a claim is true with respect to world knowledge. It asks “Is
this statement factually correct?” and is evaluated against external knowledge sources such
as knowledge graphs, encyclopaedias, or verified databases. A factfulness failure is a false
statement.

Hallucination (H) concerns whether a claim is grounded in the input or source material provided
to the model. It asks “Is this statement supported by the context the model was given?” A
hallucination failure is an unsupported statement. A model that generates a biography containing
invented dates of birth is hallucinating (fabricating unsupported content) regardless of whether
those dates happen to be correct; conversely, a model that faithfully reproduces a flawed source
document is not hallucinating, even though its output may be factually wrong. The distinction
between factfulness and hallucination matters because the two failure modes call for different
mitigation strategies: knowledge grounding for factfulness, input-faithfulness constraints for
hallucination. In practice, several benchmarks measure both features simultaneously (e.g.,
CRAG, HaluBench, DefAn), since factual inaccuracy and unsupported generation often co-occur.

Bias (B) targets demographic, societal, or stereotypical bias in model outputs, including stereo-
type evaluation, toxicity measurement, and fairness assessment.

Performance/Reasoning (P) covers general task accuracy, knowledge breadth, and reasoning
ability. Because it spans a wide range of tasks, we further organise it into five thematic sub-groups
for the exposition in Section 7: general reasoning and knowledge, graph and KG reasoning, data
science and statistical reasoning, mathematical reasoning, and domain-specific evaluation.

Robustness (R) evaluates model behaviour under adversarial inputs, out-of-distribution data, or
incomplete and noisy knowledge. It is particularly relevant for KG-augmented systems, where
the KG used for augmentation may be partial, outdated, or contain errors.

Structured output quality (Q) measures the correctness of LLM-generated structured formats,
including JSON, tables, SPARQL queries, RDF triples, and scene graphs. It is a prerequisite for
reliable KG construction: an LLM that cannot produce syntactically valid and ontology-conformant
triples cannot populate a KG.

Explainability (E) captures benchmarks that evaluate the quality of explanations or justifications
produced by the system. It asks “Can the model articulate why it produced a given answer,

COST Action CA24121 - Knowledge Graphs in the Era of Large Language Models (KGELL) Page 3 of 29



COST ACTION CA24121
Knowledge Graphs in the Era of Large Language Models

Table 1: The eight analysed features used in this catalogue. Features are non-exclusive: each benchmark
may be tagged with one or more. A feature is assigned only when the source paper explicitly states that it
measures the corresponding aspect.

# Code Description

1 K KG integration: retrieval from KGs, graph reasoning, triple
extraction, KG construction, ontology conformance

2 F Factfulness: truthfulness, factual accuracy, alignment with
verifiable facts

3 H Hallucination: generating content not grounded in source
material or evidence

4 B Bias: demographic, societal, or stereotypical bias in model
outputs

5 P Performance/Reasoning: general task accuracy, knowl-
edge breadth, reasoning ability

6 R Robustness: behaviour under adversarial inputs, out-of-
distribution data, or incomplete knowledge

7 Q Structured output quality: correctness of generated
JSON, tables, SPARQL, triples, or other structured formats

8 E Explainability: ability to produce faithful, grounded expla-
nations or justifications, including rationale generation and
evidence attribution

grounded in retrievable evidence?” Where Performance/Reasoning measures answer correct-
ness, Explainability concerns the reasoning trace itself: whether rationales are faithful, supporting
evidence correctly identified, and explanations complete and coherent.

2.2 Feature assignment methodology

Each benchmark was tagged with features through the following procedure. First, we obtained
the source paper (or, for tool-based entries, the official documentation). Second, we identified the
evaluation metrics and task descriptions that the paper uses to characterise what the benchmark
measures. Third, we assigned features based strictly on what the paper explicitly states. If a
paper does not mention a feature, even when one might plausibly infer it, that feature was not
assigned. This conservative approach avoids over-interpreting benchmark scope and ensures
that the catalogue reflects verified measurement intent rather than assumed coverage.

2.3 Distribution overview

Table 2 shows how the 88 benchmarks distribute across the eight features. The total number
of assignments (151) exceeds the number of benchmarks because features are non-exclusive.
Performance/Reasoning (51 benchmarks, 58%) and KG integration (34, 39%) are the most
populated features. Hallucination, the third largest with 18 benchmarks, reflects the substantial
recent growth in hallucination evaluation research.
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Table 2: Distribution of 88 benchmarks across the eight analysed features. Counts exceed 88 because
assignments are non-exclusive.

Feature Code Count

Performance/Reasoning P 51
KG integration K 34
Hallucination H 18
Factfulness F 14
Structured output quality Q 13
Bias B 9
Robustness R 8
Explainability E 4

Total assignments 151

3. KG INTEGRATION

KG integration is the analysed feature most distinctive to the KGELL Action. It captures bench-
marks that evaluate how well LLMs interact with knowledge graphs, whether by retrieving infor-
mation from them, reasoning over their structure, constructing new KGs from text, or producing
structured outputs that conform to ontological schemata. Thirty-four of the 88 benchmarks (39%)
are tagged with this feature, making it the second most populated after Performance/Reasoning.
We organise these benchmarks into four groups by task type.

KG-augmented retrieval.. Representative recent benchmarks and evaluation studies for KG-
informed RAG include CRAG, GraphRAG-Bench, BRINK, mmRAG, RAG vs. GraphRAG, and
FinReflectKG-MultiHop. CRAG [89] provides 4,409 factual QA pairs with mock web and KG
search APIs, and its mock KGs cover 2.6 million entities. GraphRAG-Bench [84] evaluates
GraphRAG on tasks of increasing difficulty, covering fact retrieval, complex reasoning, contextual
summarisation, and creative generation. GraphRAG-Bench (Xiao et al.) [85] instead provides
1,018 college-level questions across 16 disciplines and evaluates graph construction, retrieval,
answer generation, and rationale quality. BRINK [100] examines KG-RAG under knowledge
incompleteness by removing direct evidence and testing reasoning over alternative paths. mm-
RAG [86] broadens evaluation to modular multi-modal RAG over text, tables, and KGs, integrating
queries from six QA datasets. RAG vs. GraphRAG [24] systematically compares standard RAG
with four representative categories of GraphRAG systems across question answering and query-
based summarisation tasks. FinReflectKG-MultiHop [6] benchmarks multi-hop financial QA
over a temporally indexed KG derived from S&P 100 10-K filings from 2022–2024; its curated
subset of 555 QA pairs spans intra-document, inter-year, and cross-company reasoning, and the
paper reports about 24% higher correctness and about 84.5% lower token usage for KG-guided
evidence retrieval than for text-window retrieval. Reported metrics across these works include
accuracy, F1, Hits-style metrics, NDCG, ROUGE, and BERTScore.
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Graph reasoning and related knowledge benchmarks.. Several benchmarks and probes test
how well LLMs handle graph-structured or graph-linked knowledge. MetaQA [97] evaluates multi-
hop QA over a movie-domain KG with 1-hop, 2-hop, and 3-hop reasoning. KG-LLM-Bench [42]
evaluates LLM reasoning on textualised KGs across five task types, including retrieval, path-
based reasoning, local aggregation, multi-hop aggregation, and global analysis. ProGraph [30]
measures graph analysis via code generation using six Python graph libraries, with problems
scaling to 106 nodes. GLBench [32] provides a comprehensive benchmark for GraphLLM methods
in supervised and zero-shot settings across real-world graph datasets. GPT4Graph [23] tests
both structural and semantic graph understanding. M3STR [95] uses multimodal knowledge
graphs based on FB15K-237 with image extensions to evaluate abstractive visual understanding
through count, detection, and completion tasks. Related QA and knowledge benchmarks include
KILT [62], grounded in a shared Wikipedia snapshot; Mintaka [71], which provides 20,000 English
QA pairs annotated with Wikidata entities and translated into eight additional languages; and
LAMA [61], which probes factual and commonsense knowledge in pretrained language models
using cloze queries derived from T-REx/Wikidata and ConceptNet. In Mintaka, the best overall
English baseline reaches 38% Hits@1, while the best KGQA baseline, Rigel, reaches 20%
Hits@1.

KG construction and information extraction.. Representative benchmarks, datasets, and
evaluation frameworks study how LLMs can build or populate KGs from text. Text2KGBench [46]
benchmarks ontology-driven KG generation and defines triple-level hallucination metrics for
subject, relation, and object hallucinations alongside ontology conformance. Zero-shot Biomed-
ical Triplet Extraction [20] evaluates zero-shot biomedical triplet extraction as named entity
recognition and relation extraction across 61 biomedical corpora covering 151 entity types.
LLM-KG-Bench [44] evaluates KG engineering tasks including syntax correction, fact extraction
from plaintext, and synthetic dataset generation. ClimateIE [56] provides climate-specific named
entity recognition (12 entity types), relation extraction (9 relation classes), and entity linking
to a climate taxonomy, with the goal of supporting structured climate knowledge construction.
BiodivNERE [1] provides expert-labelled gold-standard corpora for named entity recognition and
relation extraction in the biodiversity domain, making it useful for KG construction from ecological
literature.

KG checking, editing, and structured KG output.. Representative benchmarks, datasets, and
frameworks address KG checking, knowledge editing, query generation, or structured graph-
based output evaluation. BioKGBench [35] benchmarks AI agents on biomedical KG checking,
including KGQA over a clinical knowledge graph with roughly 484K entities and scientific claim
verification. VLKEB [26] evaluates knowledge editing in vision-language models, measuring
reliability, generality, locality, and portability of edited knowledge sourced from multi-modal KGs.
SPARQL Select [45] evaluates LLM ability to generate correct SPARQL queries and recover
from errors. Chatty-Gen [53] generates dialogue benchmarks from KGs such as DBpedia,
YAGO, DBLP, and MAG, and incorporates validation steps to improve factual consistency across
intermediate outputs. TSG-Bench [87] evaluates scene graph understanding and generation,
treating scene graphs as structured triplet representations. BENCH4T3 [17] provides a framework
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for creating text-to-triple alignment benchmarks from DBpedia. GraphEval [69] represents LLM
outputs as KG triples and checks consistency against source context, identifying hallucinated
triples and proposing GraphCorrect for KG-based hallucination correction. XplainLLM [16]
provides 24,204 instances for evaluating explanation grounding with ConceptNet and graph
neural models, showing that KG-grounded explanations can reduce hallucinations. SPINACH [37]
evaluates SPARQL query generation over Wikidata using 320 expert-annotated question–query
pairs from the Wikidata “Request a Query” forum, outperforming prior baselines on QALD
benchmarks by 10–31% F1. SIB sparql-examples [12] provides over 1,000 natural language
questions with SPARQL queries spanning 11 interoperable bioinformatics knowledge graphs,
standardised with structured metadata.

Three additional benchmarks use KGs specifically for hallucination evaluation. KGHaluBench [68]
uses KG-derived question sets to evaluate both breadth and depth of LLM knowledge while
accounting for popularity-related difficulty effects. MultiHal [29] constructs a multilingual, multi-
hop hallucination benchmark from Wikidata paths, and shows that KG-RAG improves semantic
similarity and hallucination-related evaluation across multiple languages. OKGQA [74] evaluates
KG-augmented LLMs on open-ended QA, including an OKGQA-P variant with deliberately
perturbed KGs to test robustness under KG contamination.

In our taxonomy, twelve of the 34 benchmarks are co-tagged with Hallucination or Factfulness,
and seven with Structured output quality, illustrating the tight coupling between KG tasks and
other quality concerns.

4. FACTFULNESS

Factfulness concerns the alignment of model outputs with verifiable external facts. As noted in
Section 2, it differs from hallucination in the reference standard used for evaluation: factfulness
evaluates whether a claim is true according to world knowledge (knowledge graphs, encyclopae-
dias, verified databases), whereas hallucination assesses whether a claim is supported by the
input context the model was given. A factfulness failure is a false statement; a hallucination
failure is an unsupported one. The two often co-occur, but they are conceptually and practically
distinct. Fourteen benchmarks in the catalogue measure factfulness.

TruthfulQA [34] is the most widely cited benchmark in this group. It contains 817 questions across
38 categories designed to elicit “imitative falsehoods,” i.e., answers that are false but that a model
might produce because similar falsehoods are common in its training data. Evaluation uses
both a truthfulness rate and an informativeness score, the latter penalising evasive non-answers.
FEVER [76] provides 185,445 claims generated from Wikipedia sentences and classified as
Supported, Refuted, or NotEnoughInfo, evaluating both claim-level accuracy and evidence re-
trieval quality. KILT [62] benchmarks knowledge-intensive tasks (fact checking, QA, entity linking,
slot filling) grounded on Wikipedia, with provenance retrieval as a key evaluation component.
CRAG [89] evaluates factual QA for RAG systems, with a scoring protocol that penalises hallu-
cinated answers more heavily than missing ones. BioKGBench [35] includes a scientific claim
verification task that checks biomedical claims against published papers. VLKEB [26] measures
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knowledge editing accuracy in vision-language models, evaluating whether factual updates are
correctly applied across three metrics: Reliability, Locality, and Generality.

Several additional benchmarks complete this feature. FELM [15] annotates factuality at the
text-segment level across diverse domains (world knowledge, science, maths, reasoning), with
predefined error types. OKGQA [74] demonstrates the significance of integrating KGs with
LLMs to help reduce hallucination, even in circumstances where the KGs are contaminated.
FEVEROUS [4] extends FEVER to structured evidence (tables), providing 87,026 verified claims
annotated with evidence from Wikipedia sentences and table cells, classified as Supports, Re-
futed, or Not Enough Info. SimpleQA [82] contains 4,326 short, fact-seeking questions with
single indisputable answers, adversarially collected against GPT-4, measuring whether mod-
els “know what they know” via correct rate, not-attempted rate, and F-score. HaluBench [67]
provides 15,000 context-question-answer triplets across real-world domains (finance, medicine)
and focuses solely on intrinsic hallucinations (unfaithful to context), rather than extrinsic halluci-
nations (contradicting factual reality), since in real-world RAG settings, user-provided documents
may contain information that conflicts with external knowledge sources. DefAn [66] evaluates
75,000 prompts across eight domains, measuring three hallucination types: fact-contradicting
hallucination, prompt misalignment, and response inconsistency, with factuality defined as “the
degree of accuracy and truthfulness of the generated text.”

Two further papers represent additional perspectives on LLM benchmarking. LAMA [61] is an
early-stage LLM development probing framework for factual and commonsense knowledge in
pre-trained language models using queries derived from Google-RE, T-REx, ConceptNet, and
SQuAD. FActScore [47] proposes an evaluation scheme that decomposes LLM outputs into
atomic facts and verifies each against a knowledge source, reporting the proportion of supported
claims.

Key metrics for this feature include truthfulness rate, informativeness, retrieval accuracy, claim
verification accuracy, knowledge editing accuracy, FActScore, correct-given-attempted rate, and
mean precision at k (P@k, this value is 1 if the object is ranked among the top k results, and 0
otherwise). KGs naturally serve as ground truth for factual verification: CRAG, VLKEB, OKGQA,
BioKGBench, and LAMA use KG-structured knowledge as their reference source.

5. HALLUCINATION

Hallucination, as used in this catalogue, refers to the generation of content that is not grounded
in the provided source material or available evidence.

Eighteen benchmarks measure hallucination, making it the third most populated feature in the
catalogue. Several benchmarks offer general frameworks for detecting hallucinations. Some
of these benchmarks break down outputs into verifiable units, which aligns with the factfulness
feature. TruthfulQA [34] studies imitative falsehoods across 38 question categories (also tagged
F). HaluEval [31] provides 35K hallucinated samples across QA, dialogue, and summarisation.
HalluLens [8] introduces a comprehensive hallucination benchmark and a taxonomy distinguish-
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ing extrinsic hallucination (content inconsistent with training data) from intrinsic hallucination
(content inconsistent with source material), with dynamic test-set generation to prevent data
leakage. Med-HALT [55] targets the medical domain with reasoning-based and memory-based
hallucination tests derived from multinational medical examinations. DecodingTrust [81] includes
hallucination as one of eight trustworthiness perspectives (also tagged B and R). FELM [15] pro-
vides segment-level factuality annotations across world knowledge, science, maths, and writing
(also tagged F). HaluBench [67] provides 15,000 RAG-focused samples across finance, medicine,
and other domains (also tagged F). DefAn [66] evaluates 75,000 prompts for fact-contradicting
hallucination, prompt misalignment, and response inconsistency across eight domains (also
tagged F).

Dedicated RAG-specific hallucination receives dedicated attention. CRAG [89] includes eight cat-
egories of questions, including “False Premise” questions that test whether retrieval-augmented
systems fabricate answers. RAGTruth [83] contributes nearly 18,000 RAG responses with
word-level hallucination annotations, enabling fine-grained detection.

Several benchmarks use KGs or KG-augmented retrieval for hallucination grounding. BioKG-
Bench [35] aims to “combat hallucinations” via KG checking. Chatty-Gen [53] is a benchmark
generation tool that mitigates hallucination in KG-grounded dialogue. Text2KGBench [46] defines
subject, relation, and object hallucination at the triple evaluation level. KGHaluBench [68] uses
KG entity popularity to estimate statistical difficulty in evaluating LLM knowledge breadth and
depth. MultiHal [29] extends hallucination evaluation to a multilingual setting using Wikidata
KG paths, demonstrating KG-RAG improvements across languages. GraphEval [69] represents
LLM outputs as KG triples and checks consistency against source context, identifying specific
hallucinated triples and offering a GraphCorrect method for KG-based correction (also tagged K
and E). XplainLLM [16] demonstrates that KG-grounded explanations using ConceptNet and
Graph Attention Networks reduce hallucinations in commonsense reasoning tasks (also tagged
K and E).

Key metrics include hallucination rate, subject/relation/object hallucination scores, fact precision,
FActScore, and word-level detection accuracy. The use of KGs or KG-augmented retrieval
for grounding confirms that KG-based evaluation is particularly well suited to detecting and
quantifying hallucination.

6. BIAS

Bias concerns demographic, societal, or stereotypical bias in model outputs. Nine benchmarks
in the catalogue address this feature, covering stereotype evaluation, toxicity measurement, and
comprehensive trustworthiness assessment.

Among stereotype and social bias benchmarks, BIG-bench [73] includes six bias tasks covering
gender, religion, race/ethnicity, and nationality. StereoSet [48] measures stereotypical bias across
four domains using 16,995 test instances. CrowS-Pairs [49] provides 1,508 examples covering
nine types of social bias. BBQ [58] evaluates bias in QA across nine social dimensions (age,
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disability, gender identity, nationality, physical appearance, race/ethnicity, religion, socioeconomic
status, sexual orientation), using ambiguous vs. disambiguated contexts; models average 3.4
percentage points higher accuracy when the correct answer aligns with a social bias than when
it conflicts with one. WinoBias [98] measures gender bias in coreference resolution, finding a
21.1-point F1 gap between pro-stereotypical and anti-stereotypical entity linking.

BOLD [19] evaluates bias in open-ended language generation using 23,679 prompts across five
domains (profession, gender, race, religion, political ideology) and proposes automated metrics
for toxicity, psycholinguistic norms, and text gender polarity. RealToxicityPrompts [21] provides
100K sentence-level prompts for evaluating toxic degeneration, finding that pretrained LMs
produce toxic text even from innocuous prompts. DecodingTrust [81] assesses trustworthiness
across eight perspectives, including stereotype bias, toxicity, adversarial robustness, and fairness
(also tagged H and R). HELM [33] evaluates bias, fairness, and toxicity alongside accuracy,
calibration, robustness, and efficiency across 42 scenarios and 30 LLMs (also tagged P and R).

Although bias is now substantially better represented than in the initial catalogue, none of the nine
benchmarks was designed for KG-augmented systems. Whether KG augmentation introduces,
amplifies, or mitigates bias remains an open empirical question.

7. PERFORMANCE AND REASONING

Performance/Reasoning is the most populated feature in the catalogue, spanning 51 of 88
benchmarks (58%). This reflects the prevalence of task-based evaluation in current LLM research:
most benchmarks measure how well a model performs on a defined task, even when other
features (KG integration, structured output quality) are also assessed. To manage this breadth,
we organise these benchmarks into five thematic sub-groups. These sub-labels are used for
exposition only and do not appear as formal feature codes in the catalogue metadata.

7.1 General reasoning and knowledge

Nine benchmarks evaluate broad reasoning and knowledge capabilities. MMLU [25] tests
multitask accuracy across 57 subjects with 15,908 multiple-choice questions. BIG-bench [73]
provides 204 diverse tasks spanning linguistics, common-sense reasoning, biology, physics,
and software development. HellaSwag [91] uses adversarially filtered sentence completions to
measure commonsense NLI, with a notable gap between human performance (>95%) and early
model performance (<48%). ARC [18] contains 7,787 grade-school science questions, with a
Challenge Set designed to defeat retrieval and co-occurrence baselines. ANLI [51] collects NLI
examples through iterative adversarial human-and-model-in-the-loop annotation (HAMLET), with
169,265 examples across three rounds, comprising 162,865 training examples, 3,200 develop-
ment examples, and 3,200 test examples. SuperGLUE [80] provides eight challenging NLU tasks
(boolean QA, causal reasoning, reading comprehension, coreference resolution, word sense
disambiguation) as a harder successor to GLUE; the human baseline is approximately 89.8.
HELM [33] evaluates 30 LLMs across 42 scenarios on seven metrics, including accuracy, cali-
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bration, robustness, fairness, bias, toxicity, and efficiency (also tagged B and R). MT-Bench [99]
evaluates multi-turn instruction-following using LLM-as-judge methodology, achieving over 80%
agreement with human preferences. These benchmarks serve as established baselines against
which newer, more targeted benchmarks are often compared. HotpotQA [90] provides 113,000
Wikipedia-based QA pairs requiring multi-hop reasoning, with sentence-level supporting fact
annotations; it evaluates both answer accuracy (EM, F1) and explanation quality (Joint F1),
covering comparison and bridge-entity reasoning types (also tagged E).

7.2 Graph and KG reasoning

Sixteen benchmarks evaluate reasoning over graph-structured data. This sub-group overlaps
substantially with the KG integration feature (Section 3): all 16 benchmarks are also tagged
K. The benchmarks here include KILT, MetaQA, GraphRAG-Bench, KG-LLM-Bench, BRINK,
ProGraph, GLBench, GPT4Graph, mmRAG, GraphRAG-Bench (Xiao et al.), RAG vs. GraphRAG,
Zero-shot Biomedical Triplet Extraction, M3STR, Mintaka, SPINACH, and FinReflectKG-MultiHop.
Rather than repeat their descriptions, we refer the reader to Section 3, where these are discussed
in detail. From a performance perspective, the key observation is that LLM accuracy on graph
reasoning tasks remains considerably lower than on standard text-based benchmarks: ProGraph
reports the best accuracy of approximately 36%, and BRINK shows that performance degrades
substantially when KG triples are removed.

7.3 Data science and statistical reasoning

Eleven benchmarks evaluate LLMs as data science assistants. StatEval [39] is the first com-
prehensive statistics benchmark, with 13,817 foundational tasks and 2,374 research-level proof
tasks (GPT-4 achieves <57% on the latter). StatQA [101] tests statistical task formulation and
hypothesis testing applicability across 11,623 examples (best accuracy given by GPT-4 approx-
imately 65%). QRData [38] evaluates data-based statistical and causal reasoning, requiring
models to reason over real datasets (GPT-4 achieves approximately 58%). DSCodeBench [72]
contains 1,000 data science code generation problems from GitHub (best pass@1 approxi-
mately 0.20 given by GPT-4o). DA-Code [27] provides 500 agent-based data science tasks
requiring multi-step reasoning (best accuracy approximately 31%). LLM4DS [50] evaluates four
LLM-based assistants on 100 StrataScratch problems. DSEval [96] introduces a multi-facet
evaluation paradigm for data science agent workflows. BLADE [22] tests agents on open-ended
scientific data analysis using 12 expert-annotated datasets. AIRepr [92] measures reproducibility
of LLM-generated data science workflows and finds that reproducible solutions are significantly
more accurate (64.4% vs. 53.5%). AssistedDS [40] evaluates how external domain knowledge
affects LLM performance on tabular prediction tasks. HardML [64] provides 100 challenging ML
knowledge questions (SOTA models achieve approximately 30% error rate).
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7.4 Mathematical reasoning

Four benchmarks focus on mathematical problem-solving. “What Are the Odds?” [59] proposes
three benchmark tasks to evaluate probabilistic reasoning of LLMs: estimating percentiles,
drawing samples, and calculating probabilities. MathArena [7] is a platform for evaluation
of LLMs on the latest math competitions and olympiads (AIME, HMMT, USAMO, IMO) with
162 problems; top models score below 40% on proof-based IMO problems. U-Math [3] is a
university-level benchmark designed to evaluate LLMs on complex mathematical reasoning. It
covers 1,100 university-level problems across six mathematics subject areas, with 20% requiring
visual reasoning; it also introduces µ-MATH, a meta-evaluation suite for assessing LLM judges.
RealMath [93] assesses LLMs’ abilities on authentic mathematical tasks extracted from research-
level mathematics from arXiv papers (633 QA pairs from approximately 9,000 papers).

7.5 Domain-specific evaluation

Eleven benchmarks evaluate LLMs on domain-specific tasks. In the climate domain,
ClimaBench [63] evaluates domain-specific BERT models on seven climate NLP text classi-
fication datasets. ClimateEval [28] extends this with 25 tasks across 13 datasets, covering
stance detection, claim verification, and misinformation detection. ClimateIE [56] evaluates
climate-specific NER and relation extraction (also tagged K). Climate Change NER [9] is a
manually curated English-language dataset containing 534 abstracts of climate-related papers
with 13 climate entity types as part of the Effective and Efficient Language Models for Scientific
Applications (INDUS) suite. In biomedical and clinical NLP, CaseReportBench [94] benchmarks
dense information extraction from 138 expert-annotated clinical case reports covering inborn
errors of metabolism. ClinBench [79] evaluates 11 LLMs on clinical information extraction across
three datasets (TCGA lung cancer staging, MIMIC-IV-ECG atrial fibrillation detection, MIMIC
SDOH extraction). Med-HALT [55] provides reasoning-based and memory-based hallucination
tests derived from multinational medical examinations. TSG-Bench [87] evaluates scene graph
understanding and generation. In biodiversity, BiodivNERE [1] provides gold-standard corpora
for NER and relation extraction from biodiversity literature, manually labelled by domain experts.
pdfQA [70] benchmarks document-level QA over PDFs with 4,000 QA pairs differentiated
across 10 complexity dimensions. In the financial domain, FinTextQA [14] provides 1,262
source-attributed QA pairs extracted from finance textbooks and government agency websites,
benchmarking long-form financial question answering with ROUGE, BLEU, GPT-4 scoring, and
human evaluation.

8. ROBUSTNESS

Robustness captures behaviour under adversarial inputs, out-of-distribution data, or incomplete
knowledge. Eight benchmarks evaluate this feature. BIG-bench [73] studies model brittleness
under task reformulation across its 204-task suite. HellaSwag [91] uses adversarial filtering to
create examples that systematically expose model weaknesses in commonsense reasoning.
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ANLI [51] iteratively collects human-generated adversarial NLI examples that defeat current
SOTA models. BRINK [100] removes direct triples from a KG and measures whether KG-RAG
methods can still reason over alternative paths, finding substantial performance degradation.
AssistedDS [40] assesses whether LLMs can resist adversarial domain knowledge hints in tabular
data to evaluate their ability to critically identify harmful domain knowledge, finding that models
uncritically adopt adversarial hints and suffer severe performance degradation.

Three more benchmarks contribute to this feature. OKGQA [74] benchmarks LLMs in open-
ended question answering and includes the OKGQA-P variant that deliberately perturbs KG
semantics and structure to test model robustness under KG contamination. DecodingTrust [81]
assesses model trustworthiness through adversarial robustness, out-of-distribution robustness,
and robustness on adversarial demonstrations, among its eight perspectives. HELM [33] includes
robustness as one of seven evaluation metrics across 42 scenarios (also tagged P and B).

Robustness coverage has improved but remains limited for KG-specific settings. BRINK and
OKGQA-P are the only benchmarks that test KG-augmented systems under knowledge incom-
pleteness or contamination.

9. STRUCTURED OUTPUT QUALITY

Structured output quality measures the correctness of LLM-generated structured formats, in-
cluding JSON, tables, SPARQL queries, RDF triples, and scene graphs. Thirteen benchmarks
address this feature. The group divides naturally into two clusters: general-purpose structured
output benchmarks and KG-specific structured output benchmarks.

Among general-purpose benchmarks, StructEval [88] evaluates generation across 18 formats
(JSON, YAML, CSV, XML, HTML, React, SVG, LaTeX, TikZ, and others) and 44 task types,
measuring syntax validity, keyword matching, and visual quality. LLMStructBench [75] focuses
on JSON extraction from natural language, with 995 examples and metrics for token-level F1 and
document-level correctness. ScrapeGraphAI-100k [13] provides 93,695 real-world web extraction
examples, evaluating JSON schema conformance and value accuracy. Table Extraction [52]
compares multimodal LLMs with traditional deep learning for table extraction from images,
measuring structural layout (GriTS F1) and text content accuracy. CaseReportBench [94] and
ClinBench [79] evaluate structured extraction in clinical settings.

Among KG-specific benchmarks, SPARQL Select [45] measures correctness and error recovery
on SELECT queries. Text2KGBench [46] evaluates the ability of language models to generate
KGs from natural language text guided by an ontology. LLM-KG-Bench [44] tests RDF/Turtle syn-
tax correctness and fact extraction quality. TSG-Bench [87] evaluates LLMs’ ability to understand
scene graphs and generate them from textual narratives. BENCH4T3 [17] is a framework for gen-
erating text-to-triple alignment benchmarks for any language using KGs as input. SPINACH [37]
is a knowledge-base question answering benchmark that evaluates LLM-based SPARQL query
generation over Wikidata with 320 expert-annotated question-query pairs, measuring both exact
match and F1 on generated queries (also tagged K and P). SIB sparql-examples [12] provides
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over 1,000 natural language questions with SPARQL queries across 11 federated bioinformatics
KGs, standardised via SHACL metadata and used as a benchmark resource by the ESWC
TEXT2SPARQL challenge (also tagged K).

10. CROSS-CUTTING ANALYSIS

The preceding sections presented benchmarks grouped by analysed feature. Here we identify
patterns that cut across features.

Feature overlap.. The 88 benchmarks receive 151 feature assignments in total, an average of
1.72 features per benchmark. Many benchmarks serve multiple evaluation purposes simultane-
ously: CRAG, for instance, is tagged K, F, and H because it evaluates KG-augmented retrieval,
factual accuracy, and hallucination within a single protocol. The highest overlap occurs between
KG integration and Performance/Reasoning (19 benchmarks share both tags), reflecting the fact
that graph reasoning is both a performance task and a KG-specific capability.

Metric families across features.. The same metric family can serve different features depend-
ing on context. F1, the most widely used metric in the catalogue, measures factual claim coverage
(Factfulness), triple extraction accuracy (KG integration), entity recognition performance (Perfor-
mance/Reasoning), and structural correctness (Structured output quality). Accuracy similarly
spans from knowledge QA (Factfulness) to code execution correctness (Performance/Reasoning).

Intrinsic vs. extrinsic metrics.. Benchmarks in the catalogue use both intrinsic metrics, which
evaluate output quality directly (e.g., hallucination rate, ontology conformance, Stereotype Score),
and extrinsic metrics, which measure downstream task performance (e.g., QA accuracy, pass@k).
Intrinsic metrics are concentrated in the Hallucination, Bias, and Structured output quality features,
while Performance/Reasoning relies almost entirely on extrinsic metrics. For KG integration, both
types appear: retrieval accuracy and NDCG@K are extrinsic, while triple-level hallucination and
ontology conformance are intrinsic.

Temporal and thematic trends.. The catalogue spans benchmarks from 2018 (FEVER,
MetaQA, ARC) to 2026 (GraphRAG-Bench, LLMStructBench, RealMath, BENCH4T3). Earlier
benchmarks tend to evaluate general capabilities (truthfulness, commonsense reasoning, bias),
while more recent ones target specialised tasks: KG-augmented retrieval, structured output
generation, data science reasoning, and domain-specific NLP tasks. This shift reflects the matu-
ration of LLM evaluation from broad capability testing towards fine-grained, application-oriented
measurement.

Domain coverage.. The majority of benchmarks target general-domain tasks. Domain-specific
coverage clusters around five areas: biomedical and clinical NLP (BioKGBench, CaseReport-
Bench, ClinBench, Zero-shot Biomedical Triplet Extraction, Med-HALT), climate and earth science
(ClimaBench, ClimateEval, ClimateIE, Climate Change NER), biodiversity (BiodivNERE), finance
(FinReflectKG-MultiHop, FinTextQA), and data science (11 benchmarks in the P.c sub-group).
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11. DOMAIN-SPECIFIC PERSPECTIVES (WORKING GROUP 2)

Working Group 2 approaches the benchmarks and metrics catalogued above from the standpoint
of concrete application domains. Where WG1 targets general-purpose measurement, WG2’s
mandate is to evaluate LLM performance in specific downstream tasks; the eight analysed
features of Section 2—and in particular Factfulness, Hallucination, and Bias—therefore act as a
specialisation layer that must be instantiated differently for each domain’s evidence structures,
gold standards, and fairness concerns. The following perspectives, contributed by the WG2
Healthcare and Scientific Research subgroups, illustrate how the general evaluation constructs of
this deliverable translate into domain-specific measurement protocols and candidate benchmarks.

11.1 Healthcare

A key challenge that cuts across all identified healthcare tasks is ensuring that LLM outputs
are both factually reliable and free from systematic biases, particularly when models are used
to support clinical decision-making or biomedical research. Knowledge graphs (KGs) provide
a principled framework for addressing these issues by serving as structured, curated sources
of biomedical knowledge against which LLM-generated content can be grounded and verified.
They can be used both during inference (e.g., retrieval-augmented generation, graph-guided
prompting, or constrained reasoning) and during evaluation by verifying whether generated
entities, relations, explanations, or recommendations are supported by the KG. Factuality can
be quantified using metrics such as entity precision, recall and F1, relation accuracy, triple-
level precision/recall, graph consistency, hallucination rate (percentage of unsupported claims),
claim verification accuracy, citation accuracy, and semantic entailment scores computed with
Natural Language Inference (NLI) models. For tasks involving generated explanations, metrics
such as faithfulness, answer groundedness, and attribution precision can assess whether each
statement is supported by retrieved evidence from the KG or associated literature. Benchmark
datasets with expert-annotated answers or clinical guidelines provide gold standards against
which exact-match, ROUGE, BLEU, BERTScore, or embedding-based similarity metrics can
be complemented by KG-based verification. Bias should be evaluated across demographic
(age, sex, ethnicity), clinical (disease stage, comorbidities), and institutional (hospital or cohort)
dimensions using fairness metrics such as demographic parity difference, equal opportunity
difference, equalized odds, predictive parity, calibration within groups, and subgroup-specific
performance measures (e.g., AUROC, F1, sensitivity, specificity). Counterfactual fairness can
be assessed by modifying protected attributes while keeping the remaining clinical context
fixed and measuring the stability of model predictions. Finally, robustness can be evaluated
through adversarial prompting, perturbation analysis, uncertainty estimation, and consistency
across repeated generations. Together, these approaches provide a comprehensive evaluation
framework in which biomedical KGs not only enhance LLM reasoning but also enable systematic
measurement of factual correctness, explainability, robustness, and fairness across a wide range
of healthcare applications.
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11.2 Scientific Research

In scientific research, the central question is not only whether an LLM gives a factual answer,
but whether access to a knowledge graph makes that answer more grounded, traceable and
reliable than a strong text-only system. The main failures are familiar: fabricated references and
DOIs, real citations attached to the wrong claim, methods or results attributed to the wrong paper,
reversed findings, and syntheses that sound plausible but are not supported by the cited evidence.
KGs are relevant here because science already has graph-like structure: publications, authors,
citation links, entities, methods, datasets, ontologies and, in some settings, structured claims. A
KG can help by grounding entities into controlled vocabulary, connecting claims to citation and
evidence trails, supporting multi-hop retrieval, and making the relations between claims visible.
Graph value depends on coverage, entity resolution, ontology quality, provenance and taxonomy.
In addition, knowledge graphs may support scientific reproducibility and transparency by exposing
provenance chains, preserving links between claims, methods, datasets and publications, and
enabling explicit representation of uncertainty, conflicting findings and disciplinary context. For
this domain, metrics should therefore compare LLM-only, text-RAG and graph-supported settings
under matched conditions, measuring citation resolution, evidence-span support, entity ground-
ing, result/verdict correctness, source and language coverage, graph-path validity, whether the
system recognises insufficient evidence, and how much the graph improves on a strong text-only
baseline. Candidate benchmarks include SciFact or HealthVer for claim verification (the most
direct factfulness test), QASPER or SciQA for scholarly question answering, and SciCite for
citation-intent classification and misattribution.

12. CONCLUSION

This deliverable has presented a structured catalogue of 88 benchmarks relevant to LLM quality
evaluation, all with confirmed feature assignments based on direct reading of their source
publications. The benchmarks are analysed along eight features identified through Working
Group 1 discussion: performance/reasoning (51 benchmarks), KG integration (34), hallucination
(18), factfulness (14), structured output quality (13), bias (9), robustness (8), and explainability
(4).

The catalogue’s most distinctive contribution is the KG integration feature, which covers 34
benchmarks spanning KG-augmented retrieval, graph reasoning, KG construction, and KG
checking. This feature reflects the KGELL Action’s core mission and differentiates the present
catalogue from general LLM benchmark surveys. Cross-cutting analysis reveals substantial
overlap between features (151 assignments across 88 benchmarks, an average of 1.72 per
benchmark), with KG integration and Performance/Reasoning sharing the largest intersection
(19 benchmarks).

As noted in Section 1, this catalogue represents an initial, community-driven collection assembled
from contributions by WG1 members during the first months of the Action. It does not claim
exhaustive coverage of the LLM evaluation landscape. In the coming months, we plan to extend
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this work into a comprehensive, methodologically systematic survey following established review
protocols, with the aim of producing a more complete picture of the evaluation resources available
for KG-augmented LLM systems. We encourage continued community contributions to support
this effort.

This deliverable provides a measurement baseline for the KGELL Action. The augmentation
strategies developed in subsequent WG1 deliverables (D1.2, D1.3, D1.4) can be assessed
against the benchmarks and metrics catalogued here. The evaluation frameworks that WG6
will develop (D6.1–D6.3) can build on the feature definitions and analysis presented in this
deliverable.

A. BENCHMARK CATALOGUE

Table 3 lists all 88 benchmarks in the catalogue, sorted by catalogue number. Feature codes
follow the definitions in Section 2: K = KG integration, F = Factfulness, H = Hallucination, B = Bias,
P = Performance/Reasoning, R = Robustness, Q = Structured output quality, E = Explainability.

Table 3: Complete benchmark catalogue (88 entries).

# Benchmark Year Features Primary Metrics

1 TruthfulQA [34] 2022 F, H Truthfulness rate, informativeness
2 MMLU [25] 2021 P Accuracy / Exact Match
3 BIG-bench / BBH [73] 2023 B, P, R Task-specific accuracy; calibration
4 HellaSwag [91] 2019 P, R Accuracy
5 ARC [18] 2018 P Accuracy
6 FEVER [76] 2018 F Accuracy, F1, Precision, Recall
7 ANLI [51] 2020 P, R Accuracy
8 StereoSet [48] 2021 B SS, LMS, ICAT
9 CrowS-Pairs [49] 2020 B Bias Score

10 KILT [62] 2021 K, F, P F1, Accuracy, Retrieval Accuracy
11 MetaQA [97] 2018 K, P Accuracy (by hop count)
12 CRAG [89] 2024 K, F, H Accuracy, hallucination rate
13 GraphRAG-Bench [84] 2026 K, P Accuracy (retrieval, reasoning, summarisa-

tion)
14 KG-LLM-Bench [42] 2025 K, P Accuracy (retrieval, reasoning, aggregation)
15 SPARQL Select [45] 2024 K, Q Query correctness
16 BioKGBench [35] 2024 K, F, H KGQA accuracy, claim verification F1
17 BRINK [100] 2026 K, P, R Hits@Any, Precision, Recall, F1
18 ProGraph [30] 2024 K, P Pass rate, Accuracy
19 GLBench [32] 2024 K, P Accuracy, Macro-F1
20 GPT4Graph [23] 2023 K, P Accuracy (node classif., graph classif.,

KGQA)

Continued on next page
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Table 3 continued

# Benchmark Year Features Primary Metrics

21 mmRAG [86] 2025 K, P NDCG@K, MAP@K, Hits@K, EM, F1
22 GraphRAG-Bench (Xiao)

[85]
2025 K, P, E Answer accuracy, rationale quality

23 RAG vs. GraphRAG [24] 2025 K, P F1, Accuracy, ROUGE-2, BERTScore
24 Chatty-Gen [53] 2025 K, H Success rate, error counts
25 TSG-Bench [87] 2025 K, P, Q Accuracy, Precision, Recall, F1
26 CaseReportBench [94] 2025 P, Q TSR%, BLEU, ROUGE-L
27 StructEval [88] 2025 Q Syntax, Keyword, VQA scores
28 LLMStructBench [75] 2026 Q Token-level F1, DOC
29 ClinBench [79] 2025 P, Q F1, Precision, Recall
30 ScrapeGraphAI-100k [13] 2026 Q Precision, Recall, F1, JSON Validity
31 Table Extraction [52] 2025 Q GriTS F1, Structural Layout F1
32 BENCH4T3 [17] 2026 K, Q ROUGE, BLEU, cosine similarity, NDCG
33 Zero-shot Bio. Triplets [20] 2025 K, P NER F1, RE F1
34 LLM-KG-Bench [44] 2023 K, Q Accuracy, error rates
35 Text2KGBench [46] 2023 K, H, Q Precision, Recall, F1
36 StatEval [39] 2025 P Computational correctness, proof accuracy
37 StatQA [101] 2024 P Accuracy
38 QRData [38] 2024 P Accuracy
39 DSCodeBench [72] 2026 P pass@k
40 DA-Code [27] 2024 P Accuracy
41 LLM4DS [50] 2024 P Execution correctness, similarity score
42 DSEval [96] 2024 P Pass rate, error propagation rate
43 BLADE [22] 2024 P Precision, Coverage@k, F1
44 AIRepr [92] 2025 P Reproducibility, accuracy
45 AssistedDS [40] 2025 P, R Submission validity, hint recall, predictive

accuracy
46 HardML [64] 2024 P Accuracy
47 “What Are the Odds?” [59] 2024 P Estimation/calculation accuracy
48 MathArena [7] 2025 P Competition-level accuracy
49 U-Math [3] 2024 P Accuracy
50 RealMath [93] 2025 P Accuracy
51 ClimaBench [63] 2025 P Classification accuracy/F1
52 ClimateEval [28] 2025 P Accuracy, F1
53 BiodivNERE [1] 2022 K, P F1, Precision, Recall
54 ClimateIE [56] 2025 K, P F1, Precision, Recall
55 Climate Change NER [9] 2024 P NER F1
56 pdfQA [70] 2026 P G-Eval correctness score
57 M3STR [95] 2025 K, P Visual reasoning accuracy

Continued on next page
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Table 3 continued

# Benchmark Year Features Primary Metrics

58 VLKEB [26] 2024 K, F Knowledge editing accuracy
59 FActScore [47] 2023 F, H FActScore
60 HaluEval [31] 2023 H Hallucination detection accuracy
61 Med-HALT [55] 2023 H, P Hallucination rate, reasoning accuracy
62 FELM [15] 2023 F, H Factuality detection accuracy
63 RAGTruth [83] 2024 H Hallucination detection accuracy
64 HalluLens [8] 2025 H Hallucination detection accuracy
65 KGHaluBench [68] 2026 K, H Breadth accuracy, depth accuracy
66 MultiHal [29] 2025 K, H Semantic similarity, NLI
67 OKGQA [74] 2025 K, F, R QA accuracy, hallucination rate
68 BBQ [58] 2022 B Bias Score
69 WinoBias [98] 2018 B F1 difference (pro- vs. anti-stereo.)
70 BOLD [19] 2021 B Toxicity, sentiment scores
71 DecodingTrust [81] 2023 H, B, R Multi-perspective trust scores
72 RealToxicityPrompts [21] 2020 B Toxicity score (Perspective API)
73 HELM [33] 2023 B, P, R Accuracy, calibration, robustness, fairness,

bias, toxicity, efficiency
74 MT-Bench [99] 2023 P LLM judge agreement
75 SuperGLUE [80] 2019 P Accuracy/F1, SuperGLUE score
76 HaluBench [67] 2024 F, H Hallucination detection accuracy
77 DefAn [66] 2024 F, H Factual hallucination rate
78 FEVEROUS [4] 2021 F Evidence + verdict accuracy
79 SimpleQA [82] 2024 F Correct rate, F-score
80 Mintaka [71] 2022 K, P Hits@1
81 HotpotQA [90] 2018 P, E EM, F1, Joint F1
82 GraphEval [69] 2024 K, H, E Balanced accuracy, ROUGE
83 LAMA [61] 2019 K, F P@1
84 XplainLLM [16] 2024 K, H, E Debugger-score
85 SPINACH [37] 2024 K, P, Q EM, F1
86 SIB sparql-examples [12] 2025 K, Q NL–SPARQL pair count, federated coverage
87 FinReflectKG-MultiHop [6] 2025 K, P Correctness, Token utilisation
88 FinTextQA [14] 2024 P ROUGE, BLEU, GPT-4 score

B. BENCHMARK LINKS

Table 4 provides official links to benchmark resources (code repositories, project pages, or
dataset downloads). Where no dedicated project page was found, the link points to the paper on
arXiv or the publication venue. A dash indicates that no public link could be identified at the time
of writing.
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Table 4: Official links for all 88 benchmarks.

# Benchmark Official Link

1 TruthfulQA https://github.com/sylinrl/TruthfulQA

2 MMLU https://github.com/hendrycks/test

3 BIG-bench / BBH https://github.com/google/BIG-bench

4 HellaSwag https://github.com/rowanz/hellaswag

5 ARC https://github.com/allenai/ai2_arc

6 FEVER https://github.com/awslabs/fever

7 ANLI https://github.com/facebookresearch/anli

8 StereoSet https://github.com/moinnadeem/StereoSet

9 CrowS-Pairs https://github.com/nyu-mll/crows-pairs

10 KILT https://github.com/facebookresearch/KILT

11 MetaQA https://github.com/yuyuz/MetaQA

12 CRAG https://github.com/facebookresearch/CRAG

13 GraphRAG-Bench https://github.com/GraphRAG-Bench/GraphRAG-Benchmark

14 KG-LLM-Bench https://arxiv.org/abs/2504.07087

15 SPARQL Select https://github.com/AKSW/LLM-Sparql-Results-2024

16 BioKGBench https://github.com/westlake-autolab/BioKGBench

17 BRINK https://aclanthology.org/2026.eacl-long.114/

18 ProGraph https://github.com/BUPT-GAMMA/ProGraph

19 GLBench https://github.com/NineAbyss/GLBench

20 GPT4Graph https://arxiv.org/abs/2305.15066

21 mmRAG https://arxiv.org/abs/2505.11180

22 GraphRAG-Bench (Xiao) https://github.com/jeremycp3/GraphRAG-Bench

23 RAG vs. GraphRAG https://arxiv.org/abs/2502.11371

24 Chatty-Gen https://doi.org/10.1145/3709681

25 TSG-Bench https://github.com/docworlds/tsg-bench

26 CaseReportBench https://github.com/cindyzhangxy/CaseReportBench

27 StructEval https://github.com/TIGER-AI-Lab/StructEval

28 LLMStructBench https://arxiv.org/abs/2602.14743

29 ClinBench https://github.com/ismaelvillanuevamiranda/ClinBench

30 ScrapeGraphAI-100k https://github.com/ScrapeGraphAI/scrapegraph-100k-paper

31 Table Extraction https://aclanthology.org/2025.xllm-1.2/

32 BENCH4T3 https://github.com/Visot/BENCH4T3

33 Zero-shot Bio. Triplets https://aclanthology.org/2025.bionlp-1.9/

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

35 Text2KGBench https://github.com/cenguix/Text2KGBench

36 StatEval https://stateval.github.io/

37 StatQA https://github.com/HKUSTDial/StatQA

38 QRData https://xxxiaol.github.io/QRData/

39 DSCodeBench https://github.com/ShuyinOuyang/DSCodeBench

40 DA-Code https://github.com/yiyihum/da-code

41 LLM4DS https://github.com/DataForScience/LLM4DS

42 DSEval https://github.com/MetaCopilot/dseval

43 BLADE https://github.com/behavioral-data/BLADE

44 AIRepr https://aclanthology.org/2025.findings-emnlp.539/

45 AssistedDS https://arxiv.org/abs/2506.13992

Continued on next page
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Table 4 continued

# Benchmark Official Link

46 HardML https://arxiv.org/abs/2501.15627

47 “What Are the Odds?” https://github.com/yahskapar/LLMs-and-Probabilistic-Reasoning

48 MathArena https://matharena.ai/

49 U-Math https://toloka.ai/math-benchmark

50 RealMath https://github.com/ethz-spylab/RealMath

51 ClimaBench https://doi.org/10.1007/s42452-025-07740-5

52 ClimateEval https://aclanthology.org/2025.climatenlp-1.13/

53 BiodivNERE https://zenodo.org/records/6575865

54 ClimateIE https://aclanthology.org/2025.climatenlp-1.6/

55 Climate Change NER https://arxiv.org/abs/2405.10725

56 pdfQA https://github.com/tobischimanski/pdfQA

57 M3STR https://github.com/zjukg/M3STR

58 VLKEB https://github.com/VLKEB/VLKEB

59 FActScore https://github.com/shmsw25/FActScore

60 HaluEval https://github.com/RUCAIBox/HaluEval

61 Med-HALT https://github.com/medhalt/medhalt

62 FELM https://github.com/hkust-nlp/felm

63 RAGTruth https://github.com/ParticleMedia/RAGTruth

64 HalluLens https://github.com/facebookresearch/HalluLens

65 KGHaluBench https://github.com/c0037654Newcastle/KGHaluBench

66 MultiHal https://arxiv.org/abs/2505.14101

67 OKGQA https://github.com/Y-Sui/OKGQA

68 BBQ https://github.com/nyu-mll/BBQ

69 WinoBias https://github.com/uclanlp/corefBias

70 BOLD https://github.com/amazon-science/bold

71 DecodingTrust https://github.com/AI-secure/DecodingTrust

72 RealToxicityPrompts https://github.com/allenai/real-toxicity-prompts

73 HELM https://github.com/stanford-crfm/helm

74 MT-Bench https://github.com/lm-sys/FastChat

75 SuperGLUE https://super.gluebenchmark.com

76 HaluBench https://huggingface.co/datasets/PatronusAI/HaluBench

77 DefAn https://github.com/ashikiut/DefAn

78 FEVEROUS https://github.com/Raldir/FEVEROUS

79 SimpleQA https://github.com/openai/simple-evals

80 Mintaka https://github.com/amazon-science/mintaka

81 HotpotQA https://hotpotqa.github.io

82 GraphEval https://arxiv.org/abs/2407.10793

83 LAMA https://github.com/facebookresearch/LAMA

84 XplainLLM https://github.com/chen-zichen/XplainLLM_dataset

85 SPINACH https://github.com/stanford-oval/spinach

86 SIB sparql-examples https://github.com/sib-swiss/sparql-examples

87 FinReflectKG-MultiHop https://github.com/finreflectkg/FinReflectKG-MultiHop

88 FinTextQA https://github.com/AlexJJJChen/FinTextQA
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