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Abstract
Knowledge conflicts are a challenging issue when applying retrieval augmented generation (RAG) systems. In this
paper, we propose a benchmark to test LLMs on how they deal with inter-context knowledge conflicts where implicit
reasoning is required to solve the conflict. Based on actual empirical examples, real entities are replaced by fantasy
entities to make sure the model’s internal knowledge does not influence how the model deals with external conflicting
information. The proposed benchmark can be used to assess current up-to-date LLMs, but it can also flexibly be
adapted for in-depth evaluation of a specific RAG system on selected aspects of conflict identification. We also
present an experiment where we apply the benchmark to test 7 current LLMs from different model families. The
results show that LLMs are able to identify conflicting contexts (/s there a contradiction, yes or no?), while they
struggle with answering content related queries. Adding a hint that there might be a contradiction in the provided
contexts increases the performance of conflict identification for contradictory context, while it significantly decreases

the performance for non-contradictory contexts.
Keywords: benchmark, inter-context conflicts, LLMs
1. Introduction

In this paper, a benchmark (dataset and code) is
presented to evaluate how LLMs deal with knowl-
edge conflicts or missing knowledge in the con-
text of Retrieval-Augmented Generation (RAG) sys-
tems, i.e., when context information for the LLM
is provided from sources external to the LLM. For
companies, RAG systems provide a means to com-
bine company-internal data with the power of LLMs
without the need for fine-tuning or re-training an ex-
isting LLM. l.e., the system searches a company’s
knowledge base (documents, databases, APIs, in-
tranets, etc.) for relevant information, feeds the
retrieved context into an LLM so that the LLM gen-
erates a response grounded in the data retrieved
from the company’s own knowledge sources. How-
ever, the querying of the knowledge sources can
lead to the retrieval of documents containing con-
flicting information, which are then fed as context to
the LLM. This may impact the performance of the
LLM, leading to inconsistent and erroneous outputs
(Gokul et al., 2025). Therefore, it is important to
rigorously test LLMs with respect to their ability to
handle contradictions.

1.1. Related Work

There are three main types of knowledge con-
flicts related to LLMs (Xu et al., 2024): (1) con-
text—-memory conflict, i.e., conflicts between the
model’s internal knowledge and external knowl-
edge (Kasai et al., 2023); (2) inter-context conflict,
i.e., conflicts among multiple input documents from
the external knowledge, e.g., within a RAG system

(Su et al., 2024; Lee et al., 2025); and (3) intra-
memory conflict, i.e., conflicts reflecting variation in
an LLM’s training data (Chang and Bergen, 2024).
In this paper, we focus on inter-context conflicts.
The causes of knowledge conflicts also vary, in-
cluding semantic conflicts caused by ambiguities
and multiple meanings of words, temporal conflicts
arising from knowledge/facts changing over time,
and misinformation conflicts resulting from incor-
rect or misleading information. Su et al. (2024)
generated ConflictBank, a benchmark based on
2.86M claims extracted from Wikidata to systemati-
cally evaluate the effects of knowledge conflict in
retrieved knowledge, embedded knowledge, and
their interactions. Their results showed, among oth-
ers, that LLMs are more sensitive to temporal and
semantic conflicts than to misinformation conflicts,
highlighting the importance of that challenge. In
our approach, we focus on misinformation conflicts
stemming from categorical, numerical and temporal
conflicts in the contexts.

MMKC-Bench (Jia et al., 2025) is a multimodal
knowledge conflict benchmark aimed at evaluating
factual knowledge conflicts of parametric knowl-
edge within the LLM as well as conflicts within
the external knowledge. It includes 1,573 textual
knowledge instances and 3,381 images, collected
through automated pipelines with human verifica-
tion. Their results show that while current LLMs are
capable of recognizing knowledge conflicts, they
tend to favor internal parametric knowledge over
external evidence.

Testing the ability of LLMs in detecting exter-
nal knowledge conflicts is particularly important for
RAG systems. Accordingly, several benchmarks
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have been proposed addressing conflicts in context
documents. These benchmarks differ in various
aspects including how the conflicting contexts are
created and based on which data. WikiContradict
(Hou et al., 2024), for instance, comprises manually
annotated conflicting documents from Wikipedia.
ECON (Jiayang et al., 2024) is based on two QA
datasets NaturalQuestions (Lee et al., 2019) and
ComplexWebQuestions (Talmor and Berant, 2018).
Whereby for each QA pair, a set of alternative an-
swers is generated and for each answer related
evidence is generated, using an LLM (llama3-70b-
instruct). Conflicting contexts are constructed by
selecting conflicting evidence pairs such that they
support conflicting answers to the same question.
The evidences are checked utilizing (i) natural lan-
guage inference (NLI) checking and (ii) LLM rea-
soning checks. Pieces of evidence that fail the two
checking steps are filtered out. Gokul et al. (2025)
base their dataset on HotpotQA (Yang et al., 2018),
a dataset requiring multi-hop reasoning for question
answering, and use claude-3-sonnet for generating
conflicting documents. Another approach is pur-
sued for the creation of MAGIC (Lee et al., 2025)
where the Wikidat5M knowledge graph (Wang et al.,
2021) is the knowledge source and an LLM with
strong reasoning capability is used for knowledge
conflict generation. The proposed conflict datasets
also differ in which types of conflicts they represent.
Gokul et al. (2025) distinguish between conflicts
within a single document, between a pair of doc-
uments and conditional conflicts where the pres-
ence of document C leads to a conflict between
documents A and B. MAGIC addresses single- and
multi-hop conflicts and distinguishes between the
number of conflicts (1-4) that must be identified.
WikiContradict comprises data with clearly stated
(explicit) contradictions and implicit contradictions
where reasoning is required to identify the conflict.
ECON distinguishes between answer and factoid
conflicts, i.e., whether two pieces of evidence lead
to conflicting, however, true answers, or whether
the facts in the contexts are contradictory (for ex-
amples see Table 1 in Jiayang et al., 2024).

1.2. Our Approach

For an in-depth analysis of an LLM’s abilities to
handle contradictory contexts, different combina-
tions of contexts (such as no context, contradictory
or non-contradictory contexts) and queries are pre-
sented to the LLM in various combinations and or-
ders of context presentation. The LLM responses
are evaluated in two different ways: (i) "Yes’/'no’
responses to whether specific contexts are contra-
dictory are directly converted to calculate accuracy
scores for different metrics. (ii) More verbose re-
sponses to context related queries are evaluated
by a checker LLM and then converted to calculate

accuracy scores. The software allows for flexibly
connecting to different LLMs and to flexibly define
which LLMs are used as checker LLMs."

The implemented metrics focus on whether (i)
the LLM refuses to answer a query if there is
not enough context information provided or the
provided information is contradictory; (ii) the LLM
provides the correct answer if a query is answer-
able, i.e., the context contains enough and non-
contradictory information to answer the question;
(iii) the LLM is able to identify if there is a knowl-
edge conflict in the provided context; (iv) the LLM in
general provides a correct answer, which means it
either refuses to answer if there is not enough infor-
mation, answers correctly if there is no knowledge
conflict, or identifies a knowledge conflict.

The whole pipeline for evaluating the perfor-
mance of LLMs in different, contradictory context
situations is implemented in a flexible way, so that,
apart from the currently implemented test situations,
it can be adapted to specific test requirements. This
is particularly important when the benchmark is
used in the application contexts of individual com-
panies. Our main contributions:

* We present the Ragability Corpus, a hand-
crafted dataset for a systematic in-depth anal-
ysis of misinformation conflicts within external
knowledge, as occurring in RAG systems. The
instances are derived from an empirical basis
(the WikiContradict dataset), whereby real en-
tities are replaced by fantasy entities, to make
sure that a query about these fantasy entities
can not be answered with the model’s para-
metric memory. The corpus is constructed in a
modular way, and can be adapted to different
domains and knowledge conflicts.

» We introduce the Ragability Library to conduct
experiments based on the Ragability Corpus.
From a small number of entries in the dataset
a large number of test cases can be automat-
ically generated. Testee- and checker LLMs
can be flexibly loaded, and prompt strategies
can be flexibly applied.

» We conducted an experiment to test 7 LLMs on
their ability to deal with conflicting information,
and present our analysis of the results.

+ We release both the Ragability corpus? and
the Ragability library® and provide instructions
and ideas how both the corpus and the library
can be extended for further application areas.

"https://github.com/OFAL/
python-llms—-wrapper

thtps://huggingface.co/datasets/ofai/
RagabilityCorpus

*https://github.com/OFAI/
python-ragability
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The paper is organized as follows: The Raga-
bility Corpus, a dataset containing knowledge con-
flicts, is presented in Section 2. The further building
blocks required to conduct Ragability experiments
are described in Section 3. Experiments are pre-
sented in Section 4. The conclusion in Section
5 summarizes our approach and the conducted
experiments. Furthermore, experiences from em-
ploying the benchmark at companies are briefly
summarized.

2. The Ragability Corpus

In this section, we introduce WikiContradict, the em-
pirical basis for the Ragability Corpus, describe the
Ragability Corpus, and explain how the dataset can
be extended and how a new one can be created.

2.1. The Empirical Basis: WikiContradict

WikiContradict (Hou et al., 2024) is a benchmark
for evaluating LLMs on real-world knowledge con-
flicts from Wikipedia®. It consists of 253 human
annotated instances that cover different types of
real-world knowledge conflicts. An instance in the
dataset covers a query, context1, context2, the an-
swer to the query based on context1 (answer1), the
answer to the query based on context2 (answer2),
the contradiction type of the two contexts, i.e., if the
contradiction is explicit or if reasoning is required to
identify the contradiction (implicit contradiction), as
well as additional metadata on the Wikipedia article.
We chose WikiContradict as basis, because it con-
tains (i) actual real-world knowledge conflicts, and
(i) instances where implicit reasoning is required.

In WikiContradict, 92 instances were annotated
as requiring implicit reasoning. However, out of
these 92 instances, there are only 51 distinct con-
text pairs, as 41 instances of the dataset were dupli-
cates of context pairs with additional queries. From
these 51, we removed another eight context pairs,
because the contradiction was not obvious to the
authors of this paper.

The remaining 43 context pairs were chosen as
empirical basis, because they represent real-world
knowledge conflicts for the identification of which
implicit reasoning is required. Thus, providing real-
istic challenges LLMs need to deal with.

2.2. The Ragability Corpus

A unique feature of the Ragability Corpus is its
assurance of novelty of data instances. In order to
make sure that the LLM is only able to answer a
question if additional context is provided, e.g., via

4https://huggingface.co/datasets/
ibm-research/Wikipedia_contradict_
benchmark

RAG, and that the data instance is not already part
of the LLM’s training data, the entities in the data
taken from WikiContradict are replaced by fantasy
entities that do not exist, dates and numbers are
changed.

Out of the 43 context pairs extracted from Wiki-
Contradict, 53 Ragability Corpus entries were man-
ually created: For some cases, the query which
needs to be answered based on the contexts was
varied. E.g., one query for one context pair focuses
on the contradiction of how many died in a specific
battle and the other focuses on how many were
wounded. For some context pairs, the contexts
were slightly varied by reinforcing the knowledge
conflict. In the Ragability Corpus, each context 1
and context 2 pair has a unique ID. In case there
are two different queries for the same context pair,
they have the same ID. Each entry also contains
the ID from the WikiContradict dataset which in-
spired the new examples. In WikiContradict, the
context in some cases contains a long paragraph,
while in the Ragability Corpus, a context contains
1-2 sentences (see Table 1 for sample contexts).
In WikiContradict the same text snippet was used
for both context 1 & context 2, if the contradiction
was within a sentence. In the Ragability Corpus,
however, each context can be viewed as a differ-
ent snippet retrieved from a RAG system. Note
that the dataset can still be extended to add fur-
ther contexts to the instances. Please also note
that although the corpus contains a low number
of manually created examples, via the systematic
combination of different contexts and queries, the
LLMs to be tested need to respond to a much higher
number of prompts, depending on the evaluation
goal. In the experiments presented in this paper,
each of the LLMs responded to 1060 individual test
instances. In the following, the features represent-
ing each entry in the dataset are presented.

2.2.1. Contexts

Another unique feature of the Ragability Corpus is
that its number of contexts can be extended in a
systematic way, to allow for a more in-depth analy-
sis of how well LLMs are able to deal with knowl-
edge conflicts. In WikiContradict, there are two
contexts per instance. If the contradiction occurs
in the same sentence, both contexts contain the
same text. In the Ragability Corpus, the number
of contexts which is considered by the Ragability
library is currently 4. This allows different kinds of
context to be flexibly created.

context 1, context 2: these 2 contexts are derived
from the WikiContradict dataset. The individual
contexts are non-contradictory, but both contexts
together are contradictory. In the Ragability experi-
ments, there is a strong focus on these two contexts.
To identify the contradiction, implicit reasoning is
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Feature Example 1 Example 2
contradiction_ID 13 22
WikiContradict_ID 42 82
reasoning_required_c1c2  categorical temporal.numerical
cixq qeu qgeu

c2xq qeu qiu

context_1

context_2
context_ 3 nci1_c2
context_4_nc1_nc2_nc3
query_text
answer_context1
answer_context1_long
answer_context2
answer_context2_long

A Cap Squirrel is a suricate.

A Cap Squirrel is a squirrel.

A Cap squirrel is a small mongoose.
A Cap squirrel is an animal.

What kind of animal is a Cap Squirrel?
a suricate

A Cap Squirrel is a suricate.

a squirrel

A Cap Squirrel is a squirrel.

Corale Fenger started learning to ski when she was 12 years old.
Corale Fenger was born in 1993. She started learning to ski in 2003.
Corale Fenger was born in 1993. She started learning to ski in 2005.
Corale Fenger had learned how to ski.

How old was Corale Fenger when she started learning to ski?

12 years

Corale Fenger was 12 years old when she started learning to ski.

10 years

Corale Fenger was 10 years old when she started learning to ski.

Table 1: Two sample instances of the dataset.

required in all these cases.

context 3: this context is not contradictory to con-
text 1 but contradictory to context 2. Context 3 is a
reformulation of context 2 so that it is not contradic-
tory to context 1 anymore, still keeping its wording
and/or syntactic structure. The contradiction be-
tween context 2 and 3 is lexically overt, no implicit
reasoning is required.

context 4: provides additional context and is not
contradictory to any other context. It relates to the
same semantic content but is superficial enough
so that is does not raise a conflict.

2.2.2. Answers to the Query

The answers to the query include a knowledge
conflict for context 1 and context 2 throughout the
dataset. For both contexts, there is a short and
a long answer to the query in the dataset. The
reason why the data comprise both a short and a
long answer is that a checker LLM is able to iden-
tify the minimal semantic content and the maximal
semantic content of the response. Examples for
query, answer_context1, answer_context1_long,
answer_context2, answer_context2_long are pre-
sented in Table 1.

2.2.3. Tags

Via different tags, the relation between different con-
texts or a context and the query are made explicit
in the dataset. In the column reasoning_required,
the different types of reasoning required to compare
context 1 and context 2 are annotated: categori-
cal, numerical, temporal.numerical and tempo-
ral.relational, whereby temporal.numerical refers
to date/time expressions (e.g., 2013, 21 of May,
1989/12/24) and temporal.relational to verbal ex-
pressions such as earlier, later, before, after, etc.

In addition, the dataset contains tags for the re-
lations between context 1 and query and context 2
and query, allowing an even more detailed analysis
of the results. However, this analysis is still future
work and will not be part of this paper.

2.3. Adapting the Dataset

It is also possible to customize the dataset depend-
ing on the types of knowledge conflicts to be as-
sessed with the Ragability library.

One approach is to keep the structure of the
dataset (the types of columns) as it is and either ex-
tend the corpus with additional examples or adapt
existing examples. For instance, you can

+ focus on a specific type of reasoning which
is needed for the LLMs to identify knowledge
conflicts: If the test should focus, e.g., on nu-
merical knowledge conflicts, only the instances
where numerical reasoning is required are
used and additional examples can be added.

» adapt the contexts to a specific domain:
The dataset can be adapted to contain real-
world data, e.g., to focus on potential informa-
tion conflicts in company-specific documents
such as fact sheets, manuals, compliance doc-
uments, etc. To do so, replace the instances
of the current corpus with comparable exam-
ples containing contradictory contexts from the
real-world data in question. By testing different
testee-LLMs, the LLM can be identified which
is best suited to handle company-relevant con-
flicting information.

If the dataset is adapted while the structure of
the dataset is not altered, all parts of the Ragability
library can be used as they are and do not need
to be adapted. However, maintaining the structure
of the database also requires preserving the re-
lationships between columns, specifically, which
columns are contradictory or non-contradictory to
one another must remain unchanged.

Another approach is to change the structure
of the dataset by removing or adding columns,
e.g.: adding more context columns with addi-
tional (conflicting or non-conflicting) contexts to the
dataset to investigate how the LLM answers a user
query based on different textual fragments; adding
more specific labels in an additional column to
the dataset to allow for a specific in-depth analysis.
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Note: the corpus conversion module of the Raga-
bility library must be adjusted in the following cases:
(i) if existing columns are deleted, or (ii) addi-
tional columns are added. There are two possible
workarounds to address this issue, with the second
being the recommended approach:

+ Add the new columns in the tsv version of the
dataset and adapt the Python module to con-
vert the corpus (ragability_cc_wc1) by adding
a function of how to convert the new or adapted
columns for further processing.

+ Directly adapt the already converted dataset by
adding the new instances containing informa-
tion about the contexts, the query, the relevant
checks and metrics, and the relevant tags.

If new examples are added, take care to main-
tain the initial structure of the context columns, i.e.,
context 1 and context 2 must be contradictory, con-
text 3 must be non-contradictory to context 1 and
contradictory to context 2, and context 4 must be
non-contradictory to any other context.

3. Building Blocks of a Ragability
Experiment

The building blocks required to run a Ragability ex-
periment are 1) a dataset containing knowledge
conflicts, 2) config files to configure the LLMs to
be evaluated (festee-LLMs) and the checker LLM,
3) prompt files to prompt the testee-LLMs and
the checker LLM, and 4) the so-called Ragabil-
ity library comprising a data conversion module
(ragability_cc_wc1), an answer generation mod-
ule (ragability_query), an answer checking module
(ragability_check), a module for analyzing the re-
sults from the checks (ragability_eval), and a mod-
ule to convert the output from ragability_check to
tsv format.

In the following, the building blocks necessary
to run the experiments are described in more de-
tail, it is discussed how these building blocks work
together, and how they can be adapted to specific
requirements. Figure 1 gives an overview of how
the library modules and the input files work together
to test the ability of LLMs to handle contradictory
contexts.

3.1.

For conducting the experiments, two config files are
need: (i) a config file containing a list of testee-LLMs
(at least 1 LLM), and (ii) a config file determining
the checker LLM (1 LLM). The config files can be in
json, hjson or yaml format and are used to configure
LLMs and providers. Each user needs to create
their own config files containing their respective API
keys.

Config Files

3.2. Prompt Files

There are two different files: The file to prompt the
testee-LLMs to later analyze their responses on
how they deal with knowledge conflicts, and the
file for prompting a checker LLM to compare the
responses from the testee-LLMs with the answers
from the dataset.

Prompts for the testee-LLM: There are three dif-
ferent kinds of prompts: The one prompt contains
the query without any context in order to check
whether the LLM correctly denies to answer the
query due to missing information. The other prompt
contains n contexts (in our experiments 1-4 con-
texts) and a query. Another prompt contains n con-
texts (in our experiments 1-4 contexts) and the re-
quest to respond with 'yes’ or 'no’ if the context is
contradictory. Depending on the experiments, the
wording of the prompts can be adapted, hints that
the contexts might contain conflicting information
can be added, as well as examples.

Prompts for the checker LLM: There are two dif-
ferent prompts for the checker LLM: (i) to check
whether the testee-LLM refused to answer or gave
a concrete answers; (i) if it gave a concrete answer,
to check whether the response is correct, compared
to the answers defined in the dataset. The checker
LLM is prompted to respond with yes’ or 'no’ to the
checker prompts. The prompt file can flexibly be
adapted to what the testee-LLMs should be tested
for, e.g., how it should deal with knowledge con-
flicts, and whether additional hints for the LLM are
provided.

3.3. Ragability Library

ragability_cc_wc1 converts the dataset (tsv file)
to a format for further processing. During this step,
a number of prompts is generated with different
context-query combinations, different hints for con-
tradictory content etc. Input is the dataset in tsv
format, and output is the converted dataset.
ragability_query prompts the testee-LLM(s) to re-
spond to different prompts, comprising context(s),
queries, and tags from the dataset. Input are the
converted dataset, the prompt file and the config
file containing a list of testee-LLM(s). Output is
a hjson file containing per prompt the information
from the dataset, relevant tags and the response
from the testee-LLM(s).

ragability_check prompts a checker LLM to check
the responses from the testee-LLM(s). Input is the
output from ragability_query, the prompt file and
the config file containing the checker LLM. Output
is a hjson file containing per prompt the evaluation
of the checker LLM.

ragability_2tsv converts the output from ragabil-
ity_check to tsv format for easier manual analysis.
The tsv file contains columns relevant for a manual
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dataset (.tsv

ragability cc wil

converted dataset (.hjson)

ragability_query

converted dataset + answers from the testee-LLMs

4= prompt file (.hjson)

4= config file specifying the testee-LLMs (.hjson)

(.hjson)

ragability check

converted dataset + answers from the testee-LLMs + evaluation from checker LLM

prompt file (.hjson)
config file specifying the checker LLM (.hjson)

(.hjson)

ragability 2tsv

2

tsv file with accuracy metrics

.tsv file for manual inspection

Figure 1: How to run a Ragability experiment. Modules of the Ragability library to run the experiment are

indicated by blue boxes.

analysis of the prompts and the responses from the
LLM(s).

ragability_eval analyses the results from ragabil-
ity_check and outputs a tsv file containing the ac-
curacy per metric, which can also be filtered by
tags (e.g., 'q_two_contexts’ to look at the results of
prompts containing only a query and two contexts).

3.4. Metrics

Currently, there are four different metrics imple-
mented:

 correct_answer_all: rate of the answer being
correct for all instances (cf. the prompts for
the testee-LLM).

» correct_answer_answerable: rate of the an-
swers being correct among all instances where
a correct answer can be given.

« refusal_not_answerable: rate of correctly re-
fusing to answer a query that cannot be an-
swered because of missing or contradictory
context.

» contradiction_identification: rate of cor-
rectly identifying a contradiction when the
testee-LLM is explicitly asked to respond with
'yes’ or ’'no’.

To calculate the accuracy for the four different
metrics, the answers provided in ragability_query
are checked, depending on the type of prompt.
For different types of prompts different checks

are made to identify, e.g., whether a query was
answered correctly, informing the metrics ’'cor-
rect_answer_all’. In case non-contradictory con-
texts are provided and a query relating to the se-
mantic content is given, the answer is correct if it
semantically reflects the answers provided in the
dataset (see the answer contexts in Table 1). In
the case of contradictory contexts, the response
is considered to be correct if the LLM refuses to
answer the query.

4. Experiment

4.1. Setup of the Experiment

The module ragability_cc_wc1 converts the dataset
and generates a number of different context-query
combinations. In the presented experiments, 20
different prompts are generated out of one instance
of the Ragability corpus, resulting in 1060 test in-
stances the LLMs need to respond to. Via the
generated test instances, different research ques-
tions can be investigated. Our preliminary find-
ings suggested that the sequence of texts in the
prompt has an impact on the results. Therefore,
for all combinations with two contexts, we gener-
ated separate instances for both sequences, e.g.,
context x + context y and context y + context x to
smoothen that effect. However, the current version
of the conversion module does not generate all
possible permutations for more than 2 contexts, as
this would significantly increase the total number of
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instances. Also, via the generated test instances
it can be further investigated whether it is easier
for an LLM to identify a conflict / no conflict if it is
prompted to answer a query on the semantic con-
tent in the provided context, or to respond with ’yes’
or ’no’ whether there is a contradiction. Moreover,
responses to prompts providing additional hints that
there might be a contradiction can be compared
to responses without these hints in the prompts.
Adding hints is inspired by (Hou et al., 2024) who
showed that prompting LLMs to pay attention to
conflicting information significantly improves their
performance to correctly answer these questions.

Experiments were conducted with state-of-the-
art LLMSs of different size and architecture, including
gemini-2.5-flash, gemini-2.5-pro, gpt-5-mini, gpt-5,
gpt-4.1, claude-sonnet-4-5-20250929, llama3 (8B).
With these LLMs we cover six proprietary mod-
els and one open-source model (llama3), large
and small (Ilama3, gpt-5-mini), as well as thinking
models (gpt-5, gpt-5-mini, gemini-2.5-pro, claude-
sonnet-4-5-20250929). Where possible, the tem-
perature of the applied models was set to 0 to keep
the LLM output as deterministic as possible. For
the gpt 5 models, it is not possible to manually set
the temperature via the API. To assess variation,
we queried gpt-5 and gpt-5-mini five times each.
Gpt-5 reached an average accuracy of 0.7717 (std
= 0.0042) and gpt-5-mini of 0.7506 (std = 0.0047).
A Fleiss’s « of 0.88 for gpt-5 and 0.84 for gpt-5-mini
suggests a high consistency over the 5 runs per
model. Because of the strong alignment between
runs, the following analysis focuses on a single run
of gpt 5 models, similar to the approach taken with
the other LLMs.

As checker LLMs, we applied gemini-2.5-flash
and gpt-5. To manually verify the checker LLMs, we
sampled all test-set IDs where a checker LLM was
used for evaluation, creating approximately equal-
sized sub-samples for each of the seven LLMs. We
then manually annotated the checker LLM'’s evalua-
tion on the same sub-sample, yielding an accuracy
score of 0.916 for the Ragability pipeline including
gemini-2.5-flash as checker LLM and 0.954 for the
pipeline including gpt-5.

In the experiment, we also varied the prompts
and added two contradiction examples to the sys-
tem prompt. However, the accuracy scores de-
creased for the prompts which included examples.
In the following analysis, we concentrate on experi-
ments without examples in the system prompt.

4.2. Analysis and Discussion

For the contradiction identification task,
i.e., when presented with contradictory or non-
contradictory contexts and the task was to respond
'yes’ if the context is contradictory and ’'no’ if the
context is non-contradictory, the LLMs showed

high performance, see Table 2. No checker
LLM was needed for this task. Gemini-2.5-pro
achieved the highest accuracy score (0.9488),
closely followed by gpt-5-mini (0.9434), gpt5
(0.9407), and gemini-2.5-flash (0.9380) (mean
= 0.899, std = 0.075). The performance for the
tasks to correctly respond to an answerable
query where not-conflicting context is provided
(metric correct_answer_answerable) and for
the task to refuse to answer a semantic query
due to missing or conflicting context (metric
refusal_not_answerable) was significantly lower,
see also Table 2 for the accuracy scores of the
different metrics.

Looking at the overall performance, the LLMs
responded to the 1060 test instances with an accu-
racy ranging from 0.7698 (gpt-5) to 0.5302 (llama3)
(mean = 0.7133, std = 0.0783) with gpt-5 as checker
LLM and an accuracy ranging from 0.7665 (gpt-5)
to 0.5104 (llama3) (mean = 0.6739, std = 0.0806)
with gemini-2.5-flash as checker LLM. The man-
ual evaluation of the checker LLMs revealed that
both models produced false negatives by miss-
ing correct responses, but neither generated false
positives. Thus, the accuracy score for the differ-
ent metrics in Table 2 also indicate differences in
checker LLMs: gpt-5 performed better in identify-
ing whether an answerable query was answered
correctly, while gemini-2.5-flash could identify more
correct answers, when the festee-LLMs were ex-
pected to refuse to answer a query. As in general,
gpt-5 was able to identify more true positives than
gemini-2.5-flash, the further analysis will focus on
runs applying gpt-5 as checker LLM.

To gain more insights in the differences of over-
all performance of 7 testee-LLMs, a multiple,
pairwise comparison was conducted, using Mc-
Nemar’s test with continuity correction (see Table
3). A Bonferroni correction was not applied, as
manual evaluation of the checker LLM showed
that, in the extracted sample (689 instances per
checker LLM), there were no false positives — only
false negatives. With statistical significance de-
fined as p < 0.05, gpt-5, gemini-2.5-flash, gpt-5-
mini, and gemini-2.5-pro showed significant better
performance than the other three models. Gpt-4.1
significantly outperformed claude-sonnet-4-5 and
llama3, while claude-sonnet-4-5 significantly out-
performed llama3.

To better understand LLM behavior in conflict-
ing contexts, we compared responses to test in-
stances with two contradictory contexts, both
with and without hints of a potential contradic-
tion. Without hints, the accuracy scores range
between 0.1321 (gpt-5) and 0 (llama3) (mean =
0.0701, std = 0.0483). However, in accordance with
(Hou et al., 2024), the accuracy scores increase
significantly if a hint is added from 0.7925 (gpt-4.1)
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gemini- gemini- claude-
metric 2.5- 2.5- gpt-5- gpt-5 gpt-  sonnet- llama3

flash ro mini 41 4-5-

P 20250929
contradiction_identification 0.9380 0.9488 0.9434 0.9407 0.9030 0.8949 0.7224
checker LLM: gpt 5
correct_answer_all 0.7623 0.7528 0.7557 | 0.7698 0.7264 0.6962 0.5302
refusal_not_answerable 0.5472 0.5418 0.5903 0.5606 0.5013 0.5741 0.2830
correct_answer_answerable | 0.8082 0.7704 0.7296 0.8145 0.7830 0.6069 0.5943
checker LLM: gemini-2.5-flash

correct_answer_all 0.7 0.7292 0.7349 0.7665 0.6462 0.6302 0.5104
refusal_not_answerable 0.5876 = 0.6469 0.6280 0.5772 0.5121 0.6092 0.3019
correct_answer_answerable | 0.5534 0.5691 0.6164 0.7830 0.5031 0.3459 0.5063

Table 2:

The accuracy scores of the four metrics for the different LLMs.

For the metrics, 'cor-

rect_answer_all’, 'refusal_not_answerable’ and 'correct_answer_answerable’, two checker models were
applied for a semantic comparison of the response of the testee-LLM and the answers provided in the

dataset.

to 0.9434 (claude-sonnet-4-5-20250929) for the
proprietary models and to 0.3585 for the smaller,
open-source LLM llama3 (mean = 0.8046, std =
0.1897). Adding these hints per default still needs
to be treated with caution, as for non-contradictory
contexts, the accuracy decreased when the hint
was added. For two non-contradictory contexts
without a hint, the accuracy scores range from
0.7075 (claude-sonnet-4-5-20250929) to 0.8491
(gemini-2.5-flash) (mean = 0.779, std = 0.0531).
Adding the hint that the contexts might be contra-
dictory decreased the accuracy scores for all LLMs
to a range from 0.2453 (llama3) to 0.7358 (gpt-5)
(mean = 0.562, std = 0.167).

With regards to different types of reasoning,
the LLMs to be tested did not show obvious ten-
dencies. For categorical reasoning, the accuracy
scores range from 0.5329 (llama3) to 0.7539 (gpt-
5) (mean = 0.7024, sd = 0.0712) and for numerical
reasoning from 0.4962 (llama3) to 0.7885 (gpt5)
(mean = 0.7096, std = 0.0939). The accuracy
scores for temporal.numerical reasoning range be-
tween 0.5643 (llama3) and 0.8286 (gpt-5) (mean =
0.7561, std = 0.0914), and for temporal.relational
reasoning between 0.65 (llama3, gpt5) and 0.85
(gemini-2.5-flash) (mean = 0.7357, std = 0.0693).

Summarizing the observed effects:

 Especially the proprietary LLMs showed high
performance for contradiction identification (/s
there a contradiction yes or no?), while they
struggled with correctly answering the content
related query.

» Adding a hint that there might be contradic-
tory information increased the performance of
answering a query based on contradictory in-
formation significantly. However, it also signifi-
cantly decreased the performance of respond-
ing to non-contradictory information. In the

context of RAG systems, it is most likely that
there are more non-contradictory contexts than
contradictory ones. Therefore, it might be help-
ful to add a contradiction alarm functionality
to the RAG where parallel to the answer gen-
eration prompt a check prompt for conflicting
contexts (Is there a contradiction yes or no?)
is given, instead of adding a hint to the an-
swer generation prompt that there might be a
contradiction.

» The LLMs did not show obvious tendencies
with regards to the type of reasoning (categor-
ical, numerical, temporal). Further investiga-
tions are needed on how the reasoning type
affects an LLM’s capability to handle conflicting
information.

» The performance of the LLMs decreased when
adding examples to the system prompts. This
might be an artifact arising from prompt sensi-
tivity (Huang et al., 2024), changing with the
given examples. This needs to be further inves-
tigated by increasing the diversity of examples
in the prompts.

» The proprietary LLMs showed higher perfor-
mance in the different tasks as compared to
the smaller, open-source model llamag.

5. Conclusion

The paper presents a benchmark (a dataset and
a library for experimentation) to test the ability of
LLMs to handle conflicting contexts. For their iden-
tification, the conflicts represented in the dataset
are either lexically overt or require implicit reason-
ing. The dataset comprises instances with entity-
related, numerical, or time-related (numerical or re-
lational) conflicts. Itis carefully handcrafted and the
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Pairwise comparison nio  No1 X p
gpt-5 vs gemini-2.5-flash 46 38 0.583 0.445
gpt-5 vs gpt-5-mini 50 35 2.306 0.129
gpt-5 vs gemini-2.5-pro 62 44 2.746 0.099
gpt-5 vs gpt-4.1 88 42 15.577 = <0.001
gpt-5 vs claude-sonnet-4-5 124 46  34.876 @ <0.001
gpt-5 vs llama3 289 35 197.559 @ <0.001
gemini-2.5-flash vs gpt-5-mini 52 45 0.371 0.542
gemini-2.5-flash vs gemini-2.5-pro 55 45 0.81 0.368
gemini-2.5-flash vs gpt-4.1 83 45 10.695 0.001
gemini-2.5-flash vs claude-sonnet-4-5 116 46  29.389 = <0.001
gemini-2.5-flash vs llama3 285 39 185.262 <0.001
gpt-5-mini vs gemini-2.5-pro 59 56 0.035 0.852
gpt-5-mini vs gpt-4.1 82 51 6.767 0.009
gpt-5-mini vs claude-sonnet-4-5 107 44  25.457 | <0.001
gpt-5-mini vs llama3 279 40 177.567 @ <0.001
gemini-2.5-pro vs gpt-4.1 87 59 4.993 0.025
gemini-2.5-pro vs claude-sonnet-4-5 115 55 20.476 | <0.001
gemini-2.5-pro vs llama3 288 52 162.426 <0.001
gpt-4.1 vs claude-sonnet-4-5 89 57 6.582 0.01
gpt-4.1 vs llama3 254 46 142.83 = <0.001
claude-sonnet-4-5 vs llama3 232 56 106.337 <0.001

Table 3: Multiple pairwise comparisons were conducted to compare the performance of 7 LLMs on
the Ragability testset, applying McNemar’s test (with continuity correction). As checker LLM, gpt-5 was
used. This table reports all pairwise comparisons, including the number of correct responses provided
only by the first listed model (n10), only by the second listed model (ng;), as well as x? statistics and the

corresponding p value.

instances are inspired by entries from WikiContra-
dict, whereby real entities are replaced by fantasy
entities. The purpose of the benchmark is twofold:
first, current LLMs can be tested on their ability
on how to deal with conflicting context information
to gain insights in individual and overlapping diffi-
culties regarding different aspects of contradictory
information, e.g., (i) different tasks, such as answer-
ing context related queries or responding with ’yes’
or 'no’ when asked whether there is a knowledge
conflict, (ii) prompting, such as adding examples or
hints, or (iii) different types of contradictions. In the
experiments presented in this paper, from the 52
handcrafted entries in the dataset, 1060 test cases
were automatically generated. 7 state-of-the-art
LLMs (6 proprietary, 1 open-source model) were
prompted to respond to 1060 different test cases
each, applying two of these LLMs to check those
replies where semantic evaluation is required. In
this respect, the benchmark is a valuable instru-
ment for identifying which LLM(s) perform best un-
der which contradiction identification setups.

Second, individual RAG systems can be bench-
marked on their ability to deal with contradictory
facts. Both the data set and the library can be
adapted to individual requirements with regard to
the RAG system. Currently, the presented bench-
mark is used in practice as part of an Al gover-

nance system.5 It has been applied and tested
within Ragability’s operational framework, helping
customers validate their RAG system implemen-
tations and identify weaknesses in knowledge re-
trieval and contextual reasoning. Important assets
of the benchmark in practice are that the experi-
ments can be easily tailored to selected aspects
of testing without the necessity of running the full
benchmark and that the dataset can be flexibly cus-
tomized and extended.

In summary, running the benchmark on a broad
range of state-of-the-art LLMs provides insights into
which kinds of conflicting contexts are still hard for
LLMs to deal with and how prompting influences the
outcome. This, inturn, provides valuable guidelines
for special purpose testing of individual companies’
RAG systems.

Future work includes a more thorough analysis of
the results based on the different tags in the dataset
of how well individual LLMs manage to identify dif-
ferent types of conflicts (explicit vs. implicit con-
flicts, ambiguous vs. unequivocal interpretations).
Moreover, prompt sensitivity needs to be further
investigated by increasing the diversity of prompts,
e.g., by adding different examples of contradictions
to the system prompts.

®See Mantymaéki et al. (2022) for some background
on Al governance systems.
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5.1. Ethical Considerations and
Limitations

Ethical considerations: The dataset and bench-
mark help to assess the veracity of LLMs by fo-
cusing on how different LLMs handle contexts that
might contain conflicting information. This is par-
ticularly important for Retrieval Augmented Gener-
ation systems, as such systems are widely used
especially in industry and the public sector to com-
bine one’s own (in many cases dynamically grow-
ing and possibly changing) data sources with the
power of LLMs. These are constellations in which
the LLM is most likely to be presented with conflict-
ing contextual information. Thus, concise testing
of an employed LLM’s ability to identify and han-
dle conflicting information is indispensable for the
use of RAG-based applications. Nevertheless, it is
important for the users of such a benchmark to be
aware that the provided benchmark can only give
a first impression on an LLM’s conflict handling po-
tential, and that it might be necessary to adapt the
dataset in a way such that it covers those conflicts
which are most relevant for one’s own data and ap-
plications. In addition, high scores on contradiction
benchmarks can create a false sense of security
regarding an LLM’s factual accuracy. Whereby the
accuracy of the checker LLM influences the evalu-
ation result and one needs to be aware of checking
the checker LLM as well.

This brings us to the discussion of restrictions
of the current benchmark, in which the number of
contexts per entry is restricted to 4 with 2 differ-
ent reasoning-related types of conflicts (implicit,
lexically overt), and contradictions at entity, numer-
ical, or temporal level. Adding more contexts and
more conflict types requires manual intervention,
including the extension of the tag set, adaptation
of prompts for the testee- and the checker LLMs,
and extension of the library code. We use gemini-
2.5-flash and gpt-5 as checker LLMs because they
showed good results based on random manual in-
spections. However, also checker LLMs need to
undergo systematic tests to ensure the quality of
their checking results. Furthermore, the temper-
ature for the two gpt-5 LLMs cannot be manually
set to 0 via the API. Although Fleiss’s x shows a
high consistency over the 5 runs per model, a di-
rect comparison between the gpt-5 models and the
other LLMs with temperature set to 0 needs to be
treated with caution.
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