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Abstract

LLMs often fail to handle temporal knowl-
edge conflicts–contradictions arising when
facts evolve over time within their training data.
Existing studies evaluate this phenomenon
through benchmarks built on structured knowl-
edge bases like Wikidata, but they focus on
widely-covered, easily-memorized popular en-
tities and lack the dynamic structure needed
to fairly evaluate LLMs with different knowl-
edge cut-off dates. We introduce evolveQA1,
a benchmark specifically designed to evaluate
LLMs on temporally evolving knowledge, con-
structed from 3 real-world, time-stamped cor-
pora: AWS updates, Azure changes, and WHO
disease outbreak reports. Our framework iden-
tifies naturally occurring knowledge evolution
and generates questions with gold answers tai-
lored to different LLM knowledge cut-off dates.
Through extensive evaluation of 12 open and
closed-source LLMs across 3 knowledge prob-
ing formats, we demonstrate significant perfor-
mance drops of up to 31% on evolveQA com-
pared to static knowledge questions.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities across diverse tasks,
from text generation to complex reasoning (Brown
et al., 2020; Wei et al., 2021; Chang et al., 2024;
Su et al., 2024a). However, their reliability faces
a critical challenge: temporal knowledge conflicts,
where factual information evolves over time, cre-
ating contradictions between outdated and current
versions within the model’s training data. This
problem is pervasive across domains such as health-
care, where guidelines update with new research;
technology, where specifications change with soft-
ware releases, and so on. As LLMs increasingly
serve as knowledge sources in high-stake applica-
tions, their tendency to recall outdated information

*Work done during an internship at AWS AI Labs.
1Code and data coming soon.

Figure 1: LLMs often give outdated answers to open-ended
questions, even though they can identify correct and current
information when given multiple-choice options; this suggests
that while LLMs hold more recent knowledge in their parame-
ters, they struggle to recall it without explicit prompting.

over recent updates, as illustrated in Figure 1, poses
significant risks to system reliability and user trust.

Prior works studied broadly three types of knowl-
edge conflicts in LLMs: conflicts in external re-
trieved documents (Pan et al., 2021; Chen et al.,
2022; Wang et al., 2025), conflicts between exter-
nal context and model’s internal knowledge (Ko-
rtukov et al., 2024; Wang et al., 2023; Xie et al.,
2023; Neeman et al., 2022), and conflicts within an
LLM’s parametric knowledge (Elazar et al., 2021;
Elsahar et al., 2018; Dong et al., 2023; Zhao et al.,
2023), often stemming from noise, biases, or out-
dated information in the vast training corpora.

However, existing approaches face critical limi-
tations when addressing temporal knowledge con-
flicts, a severely under-explored area of paramet-
ric knowledge conflicts. Current benchmarks rely
heavily on popular entities from structured knowl-
edge bases like Wikidata (Kim et al., 2023; Mar-
janović et al., 2024; Su et al., 2024b; Özer and
Yıldız, 2025; Tang et al., 2025), leading to inade-
quate evaluation due to LLMs’ strong memoriza-
tion of such entities (Mallen et al., 2022). More-
over, the static nature of most benchmarks hinders
a fair evaluation of LLMs with differing knowl-
edge cut-off dates (Tang et al., 2025). Additionally,
(Özer and Yıldız, 2025) employ Subject-Relation-
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Object (SRO) triplet-based extraction methods that
fail to capture nuanced contextual changes in com-
plex corpora, and often resort to artificially induced
conflicts (Su et al., 2024b) rather than capturing
how temporal conflicts naturally arise in real-world
text. These limitations are particularly problem-
atic because temporal conflicts represent one of the
most prevalent forms of knowledge inconsistency
in practice (Kaddour et al., 2023; Zhou et al., 2023),
yet our understanding of how LLMs handle natu-
rally occurring temporal evolution remains severely
limited.

To address these limitations, we propose a novel
framework for a systematic benchmark construc-
tion, capturing temporally evolving knowledge
from unstructured, time-stamped corpora (Section
2). Our methodology identifies naturally occur-
ring knowledge evolution through a multi-stage
process: (1) extracting salient entities and concepts
from documents, (2) clustering concepts to identify
overarching topics, (3) isolating specific attributes
that change over time within entity-concept pairs,
and (4) generating grounded questions with time-
sensitive gold answers tailored to different LLM
knowledge cut-off dates. Unlike previous studies
that rely on synthetic conflicts or structured knowl-
edge bases, our approach leverages real-world data
sources where information genuinely evolves, pro-
viding authentic evaluation of temporal knowledge
handling capabilities.

Using our framework, we introduce evolveQA,
a comprehensive question answering (QA) bench-
mark for evolving knowledge. It is constructed
across 3 dynamic domains: AWS service updates
(550 QA pairs), Azure platform changes (203 QA
pairs), and WHO-Disease Outbreak News reports
(169 QA pairs), spanning multiple temporal cut-off
dates and 3 question formats: open-ended, multiple-
choice, and verifiable QA (Section 3). Our ex-
tensive evaluation of 12 LLMs (6 open-source,
6 closed-source) from 4 model families reveals
universal and significant performance degradation
on temporally evolving knowledge, with accuracy
drops of 6% − 31% across domains compared to
non-conflicting scenarios. Critically, we demon-
strate that question format substantially impacts
performance: while models achieve 53% − 76%
accuracy on MCQ questions about evolving facts,
they drop to 12% − 51% on open-ended queries
targeting the same knowledge. Interestingly, in
32%− 45% of cases, models generate outdated re-
sponses to open-ended questions but select the cor-

rect option in the corresponding MCQ format, indi-
cating that updated knowledge exists in parametric
memory but is poorly prioritized during recall (Sec-
tion 4). Such findings provide crucial insights into
the nature of temporal knowledge conflicts and
establish a foundation for developing more tempo-
rally robust LLMs.

2 Temporally Evolving Knowledge
Benchmark Creation Framework

In this section, we propose a novel framework to
identify temporally evolving knowledge from a
given text corpora and develop a benchmark of
question-answer pairs to probe LLMs’ understand-
ing of this knowledge. This framework involves
two major steps: (1) systematically navigating a
corpus of time-stamped documents to identify tem-
porally evolving facts; (2) generating high-quality
questions that query LLMs for these evolving facts,
along with their corresponding gold-standard an-
swers tailored to different LLM knowledge cut-off
dates. Our approach is outlined in Figure 2.

2.1 Identifying Temporally Evolving Facts
Our goal is to first identify evolving facts from a
given text corpus where the most recent informa-
tion is considered authoritative. To achieve this, we
employ an LLM-based approach as follows.

2.1.1 Concept and Salient Entity Extraction
We begin with a text corpus tagged with publica-
tion timestamps. To identify the precise knowl-
edge that evolves over time in this corpus, we first
need to group documents discussing similar top-
ics. However, real-world documents are inherently
noisy, and often cover multiple sub-topics, making
it difficult to cluster the documents into meaning-
ful groups. To mitigate this, following previous
works (Nakshatri et al., 2025; Tamkin et al., 2024),
we rely on clustering abstract representations of
the documents instead of the raw documents. In
particular, we first distill documents into their key
semantic components, which act as discriminative
anchors that enable effective grouping of related
documents. We define such a component as the
combination of the following− (a) concept: a short
text description that provides an abstract, yet in-
formative view of a central discussion point in the
document. (b) entity: salient subject associated
with the identified concept.

For every document in the given time-stamped
corpus, we use an LLM to extract up to k high-level
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Figure 2: Framework for evolveQA construction. It operates in two phases: 1. Evolving Fact Identification: (1) Extract
entities and concepts, (2) cluster concepts into topics, (3) obtain documents for each {Entity, Concept} pair, (4) cluster
document chunks to identify temporal attributes. 2. Grounded QA Curation: (5) Generate specific questions and (6) curate
time-sensitive gold answers for each {Entity, Concept, Attribute} tuple.

concepts along with their corresponding salient en-
tities. This pairing of an entity with its associated
context provides a robust, topic-centric representa-
tion of the document’s content (Chen et al., 2023;
Nanni et al., 2017), forming a solid foundation
for subsequent clustering. The step-1 in Figure 2
shows an example of a salient entity: “AWS Snow-
ball Edge”, and a concept: “High-capacity storage
device for data migration”, extracted from a docu-
ment in the AWS updates corpus.

2.1.2 High-Coherence Concept Clustering
In this step, we cluster the concepts extracted in
the previous step rather than the raw documents.
This approach enables embedding-based cluster-
ing algorithms to effectively identify semantically
dense regions in the embedding space, leading to
coherent initial topic groups. These topics are fur-
ther refined iteratively with an LLM-in-the-loop
approach. Unlike prior works that primarily use
LLMs for cluster labeling and refinement (Naksha-
tri et al., 2023), or preference alignment (Zhang
et al., 2023), our method leverages LLMs both (a)
during the clustering process to label and refine the
generated concept clusters, and (b) post clustering
to validate and correct concept assignments. Our
iterative process works as follows.

Step 1: Concept-Label Discovery. We begin
by embedding all extracted concepts using a text
embedding model and then apply HDBSCAN al-
gorithm (Campello et al., 2013) to identify dense

regions in the embedding space. Then we perform
three critical LLM-guided refinement steps.

• Coherency check: To ensure high cluster co-
herence, we use an LLM to validate whether
the top-m (m = 5) most central members
within each cluster are semantically aligned
with each other. If these members do not
consistently discuss the same overall concept,
the cluster is marked as incoherent, hence,
dissolved and its constituent concepts are re-
turned to an unclustered pool.

• Cluster-label generation: For each coherent
cluster, an LLM is prompted to assign a con-
cise label based on the semantic content of
its top-m documents. This label serves as the
overarching concept discussed in the cluster.

• Redundancy check: To avoid multiple clus-
ters discussing the same concept, an LLM is
used to validate if a cluster pair with semanti-
cally similar cluster labels (determined based
on cosine similarity between cluster label em-
beddings) can be merged, ensuring conceptu-
ally distinct final clusters.

Step 2: Concept-Cluster Assignment Valida-
tion. In this step, we validate individual concept
assignments. First, within each cluster, an LLM
verifies if every concept is consistent with the as-
signed cluster label. Concepts deemed inconsistent
are removed and returned to the unclustered pool.
Subsequently, for any remaining unclustered con-
cepts, an LLM attempts to assign them to one of
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the top-3 existing, cluster labels (obtained based on
cosine similarity between the concept and cluster
label embeddings). This process ensures the align-
ment of each concept in a cluster with its label.

Step 3: Iterative Refinement. If a significant
number of concepts remain unclustered, we return
to Step 1 and repeat the process. This iterative
loop continues until all concepts are clustered or
a maximum iteration count (set to 5) is reached.
This iterative, LLM-guided process ensures that
the final concept clusters are both highly coherent
and conceptually distinct, laying a solid foundation
for identifying evolving knowledge attributes.

2.1.3 Identifying Evolving Attributes
The generated concept cluster labels from the pre-
vious step are abstract in nature. For instance, “AI-
Powered Development and Integration, Geographic
Service Expansion etc.” (shown as the output of
step-2 in Figure 2), are too abstract for generating
precise questions about changing facts. One cannot
ask a specific, answerable question based on such
a broad theme alone. Therefore, in this step, by
organizing the source corpora based on a {entity,
concept cluster label} pair, we pinpoint the specific,
fine-grained attributes within these documents that
genuinely evolve over time. An attribute repre-
sents a specific property or detail, such as “Offline
Software Updates for Air-Gapped Snowball Edge
Devices”, that is susceptible to temporal change.

To achieve this, we utilize the structure devel-
oped in the previous steps. For a concept cluster,
we begin by aggregating all the (entity, document)
pairs that correspond to the concepts within that
cluster. This process naturally groups documents
into topically focused subsets of the corpus, i.e, all
documents related to an entity, say “AWS Snowball
Edge”, and a concept, say “Deployment Infrastruc-
ture and Enhancements”, are grouped together.

Within this document subset, our goal is to iso-
late the discrete factual statements that undergo
updates. Since documents may contain multiple
attributes, we first segment them into smaller units
(or chunks). We employ a sliding window of three
sentences per chunk with one-sentence overlap to
maintain contextual integrity. These chunks are
then embedded and clustered using HBDSCAN
algorithm. Each resulting cluster of chunks now
represents a recurring, specific piece of informa-
tion. An LLM is prompted to assign a descriptive
label to each chunk cluster, which is referred to
as the attribute. Formally, all document chunks

within a single {entity, concept cluster label, at-
tribute} tuple represent the same specific piece of
potentially evolving knowledge.

This three-part tuple forms the fundamental unit
for our question generation. For brevity in the
subsequent sections, we will refer to the {concept
cluster label} simply as the {concept}.

2.2 Question & Answer Generation

After identification of evolving knowledge at-
tributes, here, we generate questions that target
them and curate time-sensitive gold-standard an-
swers for various LLM knowledge cut-off dates.

2.2.1 Question Generation
For question generation, we consider a specific
cluster corresponding to a unique (entity ,
concept, attribute) tuple. To ensure questions
are well-grounded, we sample the top-K chunks
from different documents and from varying times-
tamps within this attribute cluster (based on cosine
similarity to the cluster centroid). Using these se-
lected chunks as contextual anchors, we prompt
an LLM to formulate a question that is explicitly
grounded in the three dimensions of (entity ,
concept, attribute) tuple. This grounding is
crucial for ensuring precision and query disam-
biguation. The entity, say “AWS Snowball Edge”,
establishes the core subject; while the attribute, say
“NFS Data Transfer Support”, specifies the precise
property or characteristic undergoing change. The
inclusion of the concept, say “Deployment Infra.
and Runtime Support Enhancements”, is critical
for contextual disambiguation, ensuring the ques-
tion targets a specific facet of the entity rather than
its broader context. This three-part hierarchical
grounding directly leverages our structured knowl-
edge representation to construct meaningful, tar-
geted queries, preventing loosely framed questions
that might elicit overly broad responses. An exam-
ple question: “What is the maximum data storage
capacity supported for NFS data transfer on Snow-
ball Edge devices?”, is shown in step-5 of Figure 2.

To ensure high quality of our benchmark, we
incorporate a post-generation cleaning step. We
remove: (a) questions that elicit exhaustive lists
as responses (e.g., “In which regions are EC2 R6i
instances available?”). To correctly answer such
questions, we would require a temporally complete
AWS documentation coverage that is beyond the
scope of our input corpus. (b) Any duplicate ques-
tions targeting semantically equivalent knowledge.

4



Knowledge Probing Formats: Previous
work (Song et al., 2025) has shown that LLM per-
formance significantly varies across different ques-
tion types. To understand the impact of knowledge
probing format in LLMs’ ability to answer ques-
tions related to evolving knowledge, we generate
three different question types as described below.

(1) Open-ended Questions: Obtained directly
using the question generation pipeline explained
above. These questions evaluate the LLM’s ability
to extract the most up-to-date information from its
parametric knowledge without any cues.

(2) Multiple-Choice Questions (MCQ): By pre-
senting the correct answer alongside plausible dis-
tractors, we can assess an LLM’s ability to identify
current information when it is explicitly provided
in context. For an open-ended question, we con-
struct a corresponding MCQ variant using an LLM.
Specifically, by providing the open-ended ques-
tion, gold answer (detailed in Section 2.2.2) and a
list of potential distractor knowledge chunks (from
related concepts), we prompt an LLM to gener-
ate an MCQ question, which probes for the same
knowledge as its open-ended counterpart. When
generating distractors, we prioritize older and pre-
viously valid answers. If historical answers are
insufficient in number, we generate plausible but
incorrect distractors from related concepts.

(3) Verifiable QA: This format probes the con-
sistency and robustness of an LLM’s internal
knowledge. For each open-ended question, we
generate a pair of “yes/no” questions: (a) Yes-
eliciting question: presents the correct and current
fact and asks for confirmation (e.g., “Is 90 days the
maximum historical data retention period accessi-
ble through Amazon Connect’s GetMetricDataV2
API?”). (b) No-eliciting question: presents a plau-
sible but incorrect fact and asks for confirmation
(e.g., “Is 14 days the maximum historical data reten-
tion period accessible through Amazon Connect’s
GetMetricDataV2 API?”)

2.2.2 Gold Answer Curation
For each question, all documents associated with
the chunks within the attribute cluster are consid-
ered as potential sources for an answer. Our gold
answer curation process employs a multi-stage,
LLM-guided prompting strategy to ensure accu-
racy. First, for each potential source document,
we prompt an LLM to determine if it contains suf-
ficient and relevant evidence to answer the given
question. This initial verification step serves as

a critical guardrail, preventing the LLM from at-
tempting to extract answers from irrelevant or in-
sufficient textual segments. Next, based on the
LLM’s positive validation of evidence sufficiency,
we instruct it to extract a precise, well-grounded
answer from each identified relevant document. Fi-
nally, after obtaining individual answers from all
relevant source documents, we use the LLM to syn-
thesize and combine them into a comprehensive
gold answer. This step ensures that the final gold
answer accurately reflects the information across
all available relevant documents for that specific
question and timestamp.

Consideration of LLM Knowledge Cut-off
Dates: Our gold answer curation process explic-
itly accounts for the knowledge cut-off date of
the target LLM intended for evaluation. Specif-
ically, during the first step of evidence verification,
we filter the potential source documents, discard-
ing any document whose timestamp exceeds the
knowledge cut-off date of the LLM being evalu-
ated. For instance, when constructing the bench-
mark for Llama-3.1-8B-Instruct model (whose
knowledge cut-off date is December 2023), all
documents published after this date are excluded
from the answer curation process for that specific
evaluation context. This ensures a fair and accu-
rate evaluation of each LLM’s inherent parametric
knowledge. We perform a final cleaning of the
generated QA pairs. We discard all non-evolving
questions, for which only one single answer was
identified across all timestamps before the target
LLM’s knowledge cut-off date. We also discard any
questions for which the identified answers show no
substantive knowledge change over time.

All the prompt structures used in different steps
of our framework are shown in Appendix D.1.

3 Evolving Knowledge - Question
Answering Benchmark (evolveQA)

Building upon the methodology described in Sec-
tion 2, we construct evolveQA, a comprehensive
QA benchmark specifically designed to test LLMs
on temporally evolving knowledge. For its con-
struction, we use Claude Sonnet-3.5-v2 for all
LLM calls. We acknowledge that, in principle, any
sufficiently capable LLM can be substituted. All
hyperparameters can be found in Appendix B.3.

3.1 Knowledge Domains

We curate evolveQA from 3 distinct, time-stamped
corpora, chosen to represent varying levels of struc-
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ture, and domain specificity. Dynamic nature of
knowledge in these domains makes them suitable
for studying temporal knowledge conflicts. The
domains are as follows.

AWS What’s New Feed: This corpus comprises
publicly available updates and announcements on
Amazon Web Services (AWS) from 2019 to 2024.

Azure Updates: Similar in structure to the AWS
feed, this corpus covers publicly available updates
on Microsoft Azure services. It provides a paral-
lel, yet distinct, technical domain to test LLMs on
evolving knowledge.

WHO - Disease Outbreak News (WHO-
DONs): This corpus consists of articles published
by the World Health Organization (WHO) regard-
ing global disease and virus outbreaks, spanning
from 1997 till 2025. Compared to cloud domains,
WHO-DONs represents a significantly different
domain. In addition, document length is at least
≈ 110 words longer than the other two domains
with several sections. By breaking down each doc-
ument into its respective sections, we ingest this
structurally diverse data into our framework.

3.2 LLMs Used

As we discussed in Section 2, an LLM’s inter-
nal knowledge is temporally bounded by its train-
ing cut-off date, which directly impacts how these
models handle conflicting information without any
other supporting mechanism such as Retrieval Aug-
mented Generation (RAG) (Lewis et al., 2020). As
a consequence, we develop evolveQA for a com-
prehensive suite of 12 prominent LLMs, each eval-
uation set aligned with their respective cutoff date.
In summary, based on 6 different knowledge cut-
off dates, we selected 6 open-source and 6 closed-
source models spanning 4 distinct model families.
The knowledge cut-off dates were collected from
the model providers’ official websites.

To rigorously validate that the models indeed
do not possess knowledge beyond their reported
cut-off dates, we conducted an ablation. On our
input corpus, we performed a Membership In-
ference Attack (MIA) (Shi et al., 2023) using
LLama-3.1-8B-instruct. We found a consistent
performance gap in each domain when compar-
ing the relative scores, for the documents before
and after the model’s cut-off date. This empirical
validation confirms that the chosen input corpus
and model cut-off dates are well-aligned with the
model’s internal knowledge. Appendix B.4 pro-
vides details of this ablation.

3.3 Benchmark Quality
Prior to evaluating LLMs on evolveQA, we analyze
its quality through a human evaluation on a ran-
domly sampled 100 QA pairs from the benchmark
(see Appendix B.5.1 for more details). We observe
that the questions from our benchmark are well-
grounded to their {entity, concept, attribute} tuples
in 92% of the cases, 94% of the identified attributes
evolved over time, and 89% of the questions are of
high quality−targeting specific non-trivial knowl-
edge. On coupling this with the gold answer cor-
rectness of > 91%, we ensure the reliability of our
benchmark for LLM evaluation. Table 1 shows
evolveQA statistics.

Cutoff
Dates

# of QA
pairs Relevant LLMs based on cutoff

08/31/23 717 Claude 3 Haiku (Anthropic, 2024a)

12/31/23 775
Llama 3.1 8B Inst., 3.3 70B Inst.; (Dubey
et al., 2024)

04/30/24 818 Claude 3.5 Sonnet V2, V1 (Anthropic, 2024b)

05/31/24 849
GPT-4.1-mini (Achiam et al., 2023), GPT-5-
mini2

07/31/24 886 Claude 3.5 Haiku (Anthropic, 2024b)

08/31/24 922
Gemma3 4B, 27B Inst. (Team et al., 2025);
Llama4–Scout, Maverick Inst. (Meta, 2025)

Table 1: evolveQA statistics for different cutoff dates. Full
data distribution for each domain is provided in Appendix B.1.

4 Evaluation of LLMs on evolveQA

4.1 Experimental Setup

Control Dataset: To benchmark LLMs’ perfor-
mance on evolving knowledge, we first establish
their baseline performance in each domain using
a control dataset. We construct a temporally non-
conflicting control set by removing the documents
from source corpora that are associated with top-4
most temporally-conflicting concept-clusters (iden-
tified during evolveQA creation), then excluding
all documents pertaining to questions in evolveQA,
sampling ≈ 1200 remaining documents, and gen-
erating QA pairs targeting static facts. This control
dataset enables us to isolate the impact of temporal
conflicts and establish each model’s baseline per-
formance on static facts within the same domains
(see Appendix B.2 for control set statistics).

Evaluation Metrics: We evaluate LLMs’ perfor-
mance in the evolveQA and control datasets using
two metrics: (a) Accuracy: For all three ques-
tion types, this measures the proportion of correct
answers. For open-ended QA, we also measure
Outdated Response Rate (ORR), that measures what
proportion of answers are factually correct for a

2
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past time period but are outdated based on the most
recent knowledge. (b) Hard Accuracy for Ver-
ifiable QA: This metric measures the proportion
of cases where a model correctly answers both the
“yes-eliciting” and “no-eliciting” variants of the
same underlying fact.

Evaluation Methodology: Exact-match metrics
are insufficient to evaluate open-ended questions.
Hence, we employ a model-as-a-judge evaluation
scheme (Zheng et al., 2023) for automatic evalu-
ation. In particular, we utilize Claude Sonnet-4
as the judge, chosen for its strong instruction-
following and nuanced semantic understanding.
Along with the question, we provide the LLM-
generated response, the gold answer and answers
from individual documents from previous times-
tamps to the LLM-judge. Then, we prompt the
LLM-judge to validate if the LLM-generated re-
sponse is CORRECT_AND_CURRENT: indicating
that the LLM-generated answer is authoritative;
OUTDATED: indicating that the LLM-generated
answer is aligning with a previously valid answer;
INCORRECT: indicating that the answer is neither
authoritative nor outdated. The evaluation rubric
prompt is provided in Appendix D.3. We also per-
form a meta evaluation of the quality of the LLM
judge and observe that the judge achieves an ac-
curacy of ≈ 96% while evaluating open-ended re-
sponses (details in Appendix B.5.2).

4.2 Results and Ablations
Main results: The main results are presented
in Table 2. We observe a consistent and signifi-
cant degradation in performance for all evaluated
models on the temporally conflicting evolveQA
benchmark compared to the non-conflicting con-
trol dataset. In open-ended QA, we observe the
most substantial and consistent performance drops
across all domains when compared to the perfor-
mance in the control set. In AWS domain, we ob-
serve performance drops ranging between ≈ 6%−
26%. It is even more severe in the WHO-DONs do-
main, with reductions between ≈ 8%−31%, while
it is up to 27% in Azure domain, when measured
across all models. This confirms that even state-of-
the-art LLMs struggle to retrieve and prioritize the
most current information when faced with evolving
facts stored in their parameters.

Impact of question format: We observe that
performance varies across question types. Accu-
racy improves when the question is framed as an
MCQ question or a verifiable question, when com-

pared to open-ended question format (Table 2).
Specifically, we observe accuracy improvements of
≈ 22%− 54% in MCQ format and ≈ 10%− 30%
in verifiable QA format, when compared against
the open-ended questions in evolveQA. It indicates
that presence of the correct information in the con-
text either in MCQ format or in the verifiable QA
format, helps the LLMs select the correct answer.
However, in both of the question types, perfor-
mance lags significantly when compared to the
control dataset. This finding also verifies that the
LLMs have the most up-to-date information in their
parametric knowledge, however, fails to recall them
when probed in an open-ended setting.

Notable Model-Specific Anomalies: In the
Azure domain, for a few LLMs (e.g., Claude Haiku,
Llama 3), MCQ performance on evolveQA is com-
parable or even slightly higher than the perfor-
mance in the control dataset. Upon deep dive, we
identify 17 instances in the non-conflicting control
dataset where Claude-3.5-Haiku answered cor-
rectly in the open-ended setting but failed in its
corresponding MCQ format (examples provided
in Appendix B.6.1), which contributed to its lower
accuracy in the control dataset. Surprisingly, we
do not observe this behavior on evolveQA with
Haiku. With Llama-3.1-8B model, we observe a
comparatively minor gap in performance between
the control dataset and evolveQA. This can be at-
tributed to its lower performance in general, as seen
in open-ended QA format for Azure and AWS Do-
mains. In verifiable QA control set, we observe that
Gemma-4B is generally biased to responding “yes”,
agreeing with ≈ 81% of “yes”-eliciting questions
but also incorrectly agreeing with ≈ 63% of “no”-
eliciting questions (averaged across the 3 domains).
Since Gemma-4B fails to correctly answer both the
“yes-no” questions, its Hard Acc. performance is
lower across the 3 domains in the control dataset.

Outdated response rate (ORR): LLMs pro-
vide outdated responses more frequently than com-
pletely incorrect ones in open-ended QA, with ORR
ranging between ≈ 23%− 54% (as detailed in Ap-
pendix C.1). Interestingly, we find that the knowl-
edge of the correct answer is often latently present,
even when an outdated response is generated. We
test this by examining instances where a model
failed in an open-ended question format for pro-
viding an outdated answer and then assessing its
performance on its corresponding MCQ format. In
a substantial number of cases, the model selected
the valid option, indicating that the model is aware
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Open-Ended QA (%) MCQ (%) Verifiable QA (%)

Domains Model Fami-
lies Models evolveQA

Acc.
Control

Acc.
evolveQA

Acc.
Control

Acc.
evolveQA
Hard Acc.

Control
Hard Acc.

AW
S

W
ha

ts
ne

w
Fe

ed Anthropic

Claude 3.5-sonnet-v2 26.95 46.39 63.33 82.49 42.64 68.03
Claude 3.5-sonnet-v1 22.9 44.41 63.33 83.47 40.94 67.05
Claude 3 Haiku 15.93 33.84 62.47 68.07 36.99 68.39
Claude 3.5 Haiku 22.64 42.14 67.69 73.24 37.82 43.89

Llama

Llama 3.1-8B-Instruct 14.44 20.33 61.84 67.53 35.76 49.04
Llama 3.3-70B-Instruct 18.53 33.13 64.99 73.78 36.64 72.7
Llama 4-Scout-instruct 17.09 31.78 68.32 75.35 41.92 65.43
Llama 4-Maverick-instruct 22.18 36.45 66.3 79.51 40.04 80.53

OpenAI GPT-4.1-mini 22.86 41.69 62.78 78.24 39.84 60
GPT-5-mini 29.62 55.4 59.96 82.08 42.71 65.71

Gemma Gemma3-4B-instruct 12.18 18.83 52.85 58.24 35.53 25.62
Gemma3-27B-instruct 21.82 34.71 64.46 71.65 39.29 47.07

A
zu

re
U

pd
at

es

Anthropic

Claude 3.5-sonnet-v2 22.95 49.82 70.33 77.73 49.42 58.33
Claude 3.5-sonnet-v1 21.31 46.24 70.88 78.91 47.09 55.95
Claude 3 Haiku 18.18 27.1 70.78 64.44 40.41 58.72
Claude 3.5 Haiku 21.32 41.5 68.72 64.75 40.22 39.69

Llama

Llama 3.1-8B-Instruct 17.58 16.85 63.64 60.4 45.81 43.09
Llama 3.3-70B-Instruct 24.24 36.26 70.3 73.2 46.45 59.35
Llama 4-Scout-instruct 18.72 31.58 72.64 71.76 48.4 55.04
Llama 4-Maverick-instruct 23.15 37.19 76.12 75.95 47.34 75.97

OpenAI GPT-4.1-mini 26.84 38.35 71.81 76.56 39.89 55.95
GPT-5-mini 29.47 49.82 67.55 76.95 42.13 51.19

Gemma Gemma3-4B-instruct 14.29 15.09 54.73 51.53 32.98 29.46
Gemma3-27B-instruct 25.12 30.88 69.15 64.12 46.28 40.7

W
H

O
−

D
is

ea
se

O
ut

br
ea

k
N

ew
s

Anthropic

Claude 3.5-sonnet-v2 38.41 64.09 73.1 86.19 67.67 79.31
Claude 3.5-sonnet-v1 34.23 62.43 71.72 90.61 63.91 76.44
Claude 3 Haiku 29.41 60.69 66.67 81.5 47.9 81.93
Claude 3.5 Haiku 33.33 63.44 72.08 80.11 58.62 76.97

Llama

Llama 3.1-8B-Instruct 27.4 45.71 67.36 73.14 37.5 41.67
Llama 3.3-70B-Instruct 39.04 59.43 68.75 83.43 53.12 72.62
Llama 4-Scout-instruct 31.36 55.91 68.71 82.26 56.67 75.28
Llama 4-Maverick-instruct 33.14 59.14 76.07 84.95 54.19 86.45

OpenAI GPT-4.1-mini 39.1 68.13 72.19 81.87 62.14 81.71
GPT-5-mini 50.64 71.43 72.85 86.26 67.86 86.29

Gemma Gemma3-4B-instruct 23.67 31.72 63.19 64.52 41.94 19.1
Gemma3-27B-instruct 39.05 63.98 71.17 79.51 50.97 61.24

Table 2: Performance comparison of 4 model families across 3 data domains. Results are reported for 3 different knowledge
probing formats− for both evolveQA and non-conflicting control dataset. Results are based on a single execution of the LLM.

of the authoritative response. Averaged across all
models, this behavior occurred 32.44% in WHO-
DONs domain, 41.34% in Azure domain and 45.2%
in AWS domain.

Impact of explicit context in prompt: We in-
vestigate whether providing more context related to
the question helps LLMs handle temporal conflicts
in open-ended QA by testing three prompt varia-
tions: (1) providing ground-truth Entity-Concept-
Attribute (E-C-A) from our benchmark in prompt;
(2) providing “current date” in the prompt; (3) pro-
viding both E-C-A and “current date”. Results
show that providing only the “current date” gen-
erally does not improve LLMs ability to recall au-
thoritative information. However, providing E-C-A
context generally improves performance, providing
gains up to 11% (see Appendix C.3 for details).

Impact of superseding knowledge: Conflicts
in evolveQA can be categorized into 2 types: (1)
additive knowledge that complements existing facts
(e.g., “How does Kendra access user information?”
has multiple valid answers); (2) superseding knowl-
edge that invalidates previous facts (eg., “How
many AWS regions support Kendra?” has only
one valid answer). To analyze the more challeng-

ing superseding knowledge cases, we isolate MCQ
instances where outdated facts (previously valid)
serve as distractors. Compared with the entire
benchmark, we observe an increased vulnerability
to superseding knowledge across models. In MCQ
format, models show significant degradation (e.g.,
15% drop for GPT-4.1-mini in AWS and WHO-
DONs, similar for GPT-5-mini in Azure), suggest-
ing strong interference from historically correct
distractors. In open-ended questions, performance
drops up to 9% in certain cases. Notably, GPT
family models consistently show higher degrada-
tion across both formats, indicating potential ar-
chitectural sensitivity to factual updates (details in
Appendix C.2).

5 Conclusion
In this paper, we introduce evolveQA to evaluate
LLMs on temporal knowledge conflicts using natu-
rally evolving real-world data. Our findings reveal
that while LLMs contain updated knowledge in
their parameters, they struggle to retrieve it reli-
ably, particularly in open-ended queries. This work
exposes critical limitations of modern LLMs and
provides a benchmark for developing temporally
robust LLMs in dynamically evolving domains.
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Limitations

Availability of temporal information: Our
methodology relies on availability of reliable,
timestamped documents. The entire pipeline, from
identifying evolving facts to curating time-sensitive
gold answers, relies on this metadata. Conse-
quently, our framework cannot be directly applied
to corpora lacking explicit chronological informa-
tion.

Limitation in quantifying Recall: A key
methodological challenge is quantifying the recall
of our fact identification process. The absence of
a comprehensive ground-truth dataset for evolving
facts within unstructured corpora is an inherent
limitation of this task. Consequently, while we can
evaluate the precision of the facts we identify, we
cannot measure the completeness of our framework
in capturing every possible instance of evolving
knowledge. For a similar reason, during the con-
struction of the control dataset, we cannot quantify
the number of cases where we successfully identify
static knowledge.

Modules and languages studied: Our approach
is limited to the text module in the English language
only, while evolving knowledge in other modules
(e.g., image, table, and so on) and languages can
also be explored. We leave it as a future work.

Dependency on backbone LLM’s capability:
Our approach depends on a number of LLM calls
in order to leverage their reasoning capability in
different stages of the proposed algorithm. In our
experiment, we use Sonnet-3.5 as the backbone
LLM, however, we note that any other reasonably
capable LLM can be used for the prompting steps.
We leave the correlation study between the quality
of the resulting benchmark and the capability of
the backbone LLM, as a future work.

Fixed cost for benchmark construction: To
ensure high quality of our benchmark, our LLM-
based approach uses Claude Sonnet 3.5 through-
out the pipeline. This results in a fixed cost of
roughly 400 USD for constructing evolveQA. We
note that this is a lot cheaper than relying on hu-
man annotations to evaluate LLMs on temporally
conflicting data from three domains.

Knowledge conflict mitigation: Our study fo-
cuses on understanding how LLMs handle conflict-
ing information stored in their parametric knowl-
edge. While some studies have suggested using
retrieval-augmented generation (RAG) to address
these conflicts, our goal is different. Instead of try-

ing to fix these conflicts, we aim to understand how
LLMs behave when they encounter contradictory
information. We hope this understanding will help
develop solutions during model training or through
other post-training methods in the future.

Limited temporal scope of the input corpus:
Our study relies on datasets with limited temporal
scope. For instance, WHO-DONs covers updates
from 1997−2024. As a result, our experiments
are restricted to question types for which we have
sufficient evidence within this period. In particu-
lar, we cannot have questions requiring exhaustive
or comprehensive coverage. Questions such as “In
which regions did HCV outbreak occur?” cannot be
fully answered or automatically evaluated without
access to a temporally complete source documenta-
tion. This limitation stems from the unavailability
of complete knowledge in the domains in the cor-
responding websites.

Ethical Considerations

To the best of our knowledge, we did not violate any
ethical code while conducting the research work
described in this paper. We reported all implemen-
tation and dataset details in the paper for repro-
ducibility and upon acceptance we will release our
codes and datasets for future research. The datasets
(from public websites) used in this paper are pub-
licly available and permitted for scientific research.
The human evaluation details are presented in Ap-
pendix B.5. We perform extensive ablation studies
and meta evaluation of the model judge used in the
work, in order to provide the readers an idea about
potential error patterns and risks associated with
our proposed method and reported results.
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A Related Work

Knowledge Conflict in LLMs. Understanding the
effect of different types of knowledge conflicts in
LLMs has recently gained much interest. For exam-
ple, conflicts in retrieved context (Pan et al., 2021;
Chen et al., 2022; Wang et al., 2025), conflicts be-
tween external context and LLMs’ internal paramet-
ric knowledge (Neeman et al., 2022; Wang et al.,
2023; Xie et al., 2023; Kortukov et al., 2024), and
intra-memory conflicts within an LLM’s parame-
ters (Elsahar et al., 2018; Elazar et al., 2021; Dong
et al., 2023; Zhao et al., 2023). Our work addresses
this third category, focusing specifically on tem-
poral knowledge conflicts that arise from outdated
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information in pre-training corpora (Kaddour et al.,
2023; Zhou et al., 2023). Existing works focused
on structured knowledge bases like Wikidata (Kim
et al., 2023; Marjanović et al., 2024; Su et al.,
2024b; Özer and Yıldız, 2025); a few relied on
Subject-Relation-Object (SRO) triplet extraction-
based approaches (Özer and Yıldız, 2025; Tang
et al., 2025) and a few others relied on artificial
construction of temporal conflicts by altering times-
tamps (Su et al., 2024b). Most works created static
benchmarks by ignoring to account for the knowl-
edge cut-off date of the LLMs. While (Tang et al.,
2025) considers the cut-off date of the models, it
is still based on Wikidata, where the availability of
pre-defined data snapshots at different timestamps
aids in the identification of evolving knowledge.
Such metadata is not universally present across all
corpora. We focus on unstructured, time-stamped
corpora in specialized domains, while explicitly ac-
counting for each LLM’s knowledge cut-off date.

Temporal Reasoning. We distinguish our focus
on temporal knowledge conflicts from the broader
field of temporal reasoning where the focus is on
testing LLMs’ ability to understand basic temporal
concepts such as ordering events chronologically,
determining how long events last, and understand-
ing temporal relationships among events (Dhingra
et al., 2022; Tan et al., 2023; Fatemi et al., 2024).
In contrast, our work focuses on the (in)consistency
of factual knowledge stored within an LLM’s pa-
rameters, as that knowledge evolves over time.

B evolveQA

B.1 Data Distribution - Across domains and
Knowledge Probing Formats

Table 3 provides the complete distribution of
evolveQA across the three domains of interest−
{AWS Feed, Azure, WHO-Disease Outbreak News
(WHO-DONs)}; It also provides the distribution for
each knowledge probing format along with the rele-
vant LLMs associated with each knowledge cut-off
date.

B.2 Control Set - Data Distribution

Table 4 shows the detailed statistics for each knowl-
edge cut-off date and across each domain un-
der consideration, which is kept consistent with
evolveQA for a fair comparison.

B.3 Hyperparameters / Implementation
Details

Obtaining Domain Data for evolveQA: We
scrape domain-specific data using Selenium3−
Python package, from the following websites for
building evolveQA. For constructing questions
from Azure domain, we scraped data from https:
//azure.microsoft.com/en-us/updates web-
site. For AWS Whatsnew Feed, we scraped the
data from https://aws.amazon.com/new/. We
note that several links from this website were
missing, and as a result, we relied on Way-
back Machine 4 for obtaining the data. Finally,
for WHO-DONs domain, we scraped the arti-
cles from https://www.who.int/emergencies/
disease-outbreak-news.

Curating evolveQA: (1) Number of concepts k:
To determine k during concept extraction, we per-
formed a qualitative study over a randomly sam-
pled set of 10 documents from each domain. We
observed that the documents in cloud domain did
not discuss as many different elements as WHO-
DONs domain. Therefore, based on the domain
and average document length in each domain, we
set k = 3 for AWS Feed, and Azure domains; we
set k = 5 for WHO-DONs domain.

(2) Additional Pre-processing for WHO-DONs
domain: When processing documents from WHO-
DONs domain, we consider only the virus entities
and all their associated documents for question gen-
eration and answer curation. We follow this pre-
processing step to ensure that the data for different
viruses do not mix with each other. For instance,
if we consider a non-virus salient entity such as
“WHO” and a concept “Prevention Measures for
Disease Outbreaks”, aggregating all documents as-
sociated with this entity-concept pair would imply
that guidelines for different types of viruses would
be aggregated with each other. This does not help
with obtaining questions targeting specific piece of
knowledge. Therefore, to discard such questions,
we focus solely on virus-specific entities from this
domain.

(3) Entity Normalization: Before organizing the
corpus based on an entity-concept pair, we also
need to ensure that all the entities are in its canon-
ical form. This way, we can potentially reduce
errors during the gold answer curation phase, result-
ing from highly relevant but missing time-sensitive

3https://selenium-python.readthedocs.io/
4https://web.archive.org
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No. of QA Pairs Across Different Knowledge Probing Formats (evolveQA)

Cutoff Date AWS Feed Azure Updates WHO-DONs Total No. of Relevant LLMs based on cutoff

Open-ended MCQ Ver. QA Open-ended MCQ Ver. QA Open-ended MCQ Ver. QA Open-Ended QA Pairs

8/31/23 427 421 419 154 154 146 136 132 119 717 Claude 3 Haiku
12/31/23 464 457 453 165 165 155 146 144 128 775 Llama 3.1-8B-inst, 3.3-70B inst.
4/30/24 486 480 469 183 182 172 149 145 133 818 Claude 3.5 Sonnet V2, V1
5/31/24 503 497 487 190 188 178 156 151 140 849 GPT-4.1-mini, GPT-5-mini
7/31/24 530 523 513 197 195 180 159 154 145 886 Claude 3.5 Haiku
8/31/24 550 543 532 203 201 188 169 163 155 922 Gemma3 4B, 27B inst, Llama4-Scout, Maverick inst.

Table 3: Shows a detailed breakdown of evolveQA (open-ended question format) across the three domains - {AWS, Azure, and
WHO-DONs} domain. The table also provides the breakdown with respect to different knowledge probing formats across the
three domains. Along with these, it shows the relevant LLMs intended for evaluation for each knowledge cut-off date.

Cutoff Date No. of QA pairs Total No. QA Pairs
AWS Feed Azure Updates WHO-DONs

8/31/23 597 262 173 1032
12/31/23 664 273 175 1112
4/30/24 707 279 181 1167
5/31/24 722 279 182 1183
7/31/24 738 284 186 1209
8/31/24 749 285 186 1220

Table 4: Shows the data distribution for the control set across
the three domains for each knowledge cut-off date (consistent
with evolveQA for a fair comparison.

documents. To achieve this, we let the LLM come
up with a canonical name during the concept and
salient entity extraction phase, as described in the
prompt in Figure 5. Additionally, we also clus-
ter the entities to ensure that all mentions of the
same entity are grouped together for the subsequent
stages of our pipeline.

(4) Other Hyperparameters: We use
cohere-english5 for embedding all the tex-
tual components in our framework. Prior to
clustering the textual embeddings with HDBSCAN
algorithm, to mitigate the issues with clustering
sparse vectors, we reduce their dimensions
using UMAP (McInnes et al., 2018) algorithm
(n_neighbors = 15, umap_components = 5).
For HDBSCAN clustering, we use the follow-
ing hyperparameters: min_cluster_size =
5;min_samples = 1; epsilon = 0.1. Finally, for
all LLM-calls, we set temperature = 0.

Evaluating LLMs: For analyzing the behavior
of LLMs on evolveQA, we set temperature =
0, top_p = 0.95 for all models except
Llama-3.1-8B-instruct, and GPT-5-mini. By
setting temperature = 0, we faced token repe-
tition issues with Llama-3.1-8B-instruct, and
therefore, for this model, we set temperature =
0.4 for all our experiments. With GPT-5-mini, the
model provider does not allow us to modify tem-
perature parameter and all our experiments with
this model is with the default setting (as provided
by OpenAI).

5https://docs.cohere.com/docs/models

B.4 Membership Inference Attack

Table 5 shows the results from MIA using min-
k% algorithm. We conducted this experiment
with Llama-3.1-8B-Instruct for k = 0.2. First,
for each domain, we randomly sampled 500 data
points (500 from before the model cut-off period,
and 500 from after the model cut-off period). We
applied min-k% algorithm on both these data sam-
ples and observed a significant gap in the detection
rates across these two sets, indicating that mod-
els do not possess knowledge beyond their cut-off
period.

Domain Min-K% Prob

% Members (Before Cutoff) % Non-Members (After Cutoff)

Azure 81 70.6
AWS 76.94 50.38
WHO 81.8 63.29

Table 5: Validation of pre-training exposure via Membership
Inference Attack (MIA). Using the min-k% algorithm (k =
0.2), Llama-3.1-8B-Instruct was tasked to differentiate
between 500 randomly sampled member (pre-cutoff) and 500
non-member (post-cutoff) documents. The resulting 11% to
26% point gap in detection rates between members and non-
members across all domains confirms that our benchmark
targets knowledge represented within the model’s parameters.

B.5 Human Evaluation

This section discusses results from our human eval-
uation: (1) human assessment on the quality of the
benchmark (evolveQA); (2) meta evaluation of our
model judge (Claude Sonnet 4).

B.5.1 Evaluating evolveQA: Evidence from
Human Assessment

To assess the quality of evolveQA, we conducted a
human evaluation. For this evaluation, we sampled
100 question-answer pairs considering the valida-
tion of the LLM-judge. We used the same sample
to perform a meta evaluation of the model judge
(Section B.5.2). In particular, we randomly sam-
pled 50 instances from the cases where the LLM-
judge provided a CORRECT_AND_CURRENT la-
bel as the judgement, 30 randomly sampled from
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the cases where the LLM-judge provided INCOR-
RECT as the judgement, 20 randomly sampled
from the cases where the LLM-judge provided
OUTDATED label as the judgement; across dif-
ferent domains and different model cutoffs. Four
annotators (among the authors of this paper) were
tasked with evaluating two key components: the
generated questions and the curated gold answers.

For Question Evaluation, we assessed three
dimensions: (a) Groundedness: measures if the
question is faithfully grounded in its correspond-
ing entity, concept, attribute (E-C-A) tuple. (b)
Knowledge Evolution: validates if the attribute
targeted by the question genuinely evolves over
time, ensuring the question is relevant to our study
of temporal knowledge conflicts. (c) Quality &
Specificity: evaluates if the question targets non-
trivial, specific information, avoiding generic or
overly simple queries.

For Gold Answer Correctness, annotators veri-
fied the factual correctness of the curated answers
by cross-referencing them against both the pro-
vided top-7 documents from source corpora and
external search engine results.

Each datapoint was annotated by one annota-
tor. Table 6 shows the results from human evalu-
ation. It confirms the high quality of our genera-
tion pipeline. Specifically, the questions from our
benchmark demonstrate high performance on indi-
vidual quality dimensions: 92% in groundedness,
and 94% for attributes that genuinely evolve over
time, validating the effectiveness of our temporal
conflict identification process. Further, in Overall
Correctness−representing the proportion of ques-
tions that pass all three question quality dimensions
simultaneously, achieves a high score of 80%. This
high question quality score is complemented by
91.57% correctness rate for the curated gold an-
swers. Taken together, these results demonstrate
that evolveQA is a reliable benchmark.

B.5.2 Meta Evaluation of Model Judge
In a supplementary analysis, on this sample of 100
question-answer pairs, we also evaluated the per-
formance of our model judge (Claude Sonnet 4).
The judge achieved an accuracy of 95.9% in evalu-
ating LLM responses against the gold answers, con-
firming its reliability for our experiments. We also
found that in 2.7% of the cases, the judge failed
to correctly identify whether the model’s response
was “outdated” or “incorrect”. In the remaining
1.35% of the cases, the judge was completely in-

Figure 3: Performance comparison between evolveQA
and control set on open-ended QA, aggregated across
the three domains. We observe a significant perfor-
mance degredation on evolveQA across all models.

correct in its decisions.

Metric Score (%)

Question Evaluation

Grounded in E-C-A 92
Knowledge Evolution 94
Quality & Specificity 89
Overall Correctness 80

Gold Answer Correctness 91.57

Table 6: Human evaluation results validating the quality
of the evolveQA benchmark. We observe high quality on
individual dimensions, such as grounding (92%) and targeting
genuine knowledge evolution (94%). Overall Correctness
is our strict composite metric, representing the proportion of
QA pairs that successfully pass all preceding quality checks.
The high score on this strict measure (80%), coupled with
high gold answer correctness (91.57%), confirms the overall
reliability of our framework.

B.6 Main Results: Additional Discussion

Figure 3 illustrates the performance of evolveQA
when compared against the control set. For the
purposes of this visualization, we have averaged
model performance across all the domains. We ob-
serve that each model significantly lags behind the
control set when probed for temporally conflicting
information in an open-ended QA setting.

B.6.1 Notable Anomalies: Claude-3.5-Haiku

Here, we provide examples of our qualitative study.
Figure 4 illustrates two cases from Azure domain,
where the model (Claude-3.5-Haiku) generated
correct response in open-ended QA and generated
incorrect response in its corresponding MCQ for-
mat.
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Figure 4: Shows two examples where Claude-3.5-Haiku generates correct response in open-ended QA whereas, it
generates an incorrect response for its corresponding MCQ format in the control set.

C Ablation Study Results

In this section, we provide the detailed results for
the following ablation studies: (1) Outdated Re-
sponse Rate (Section C.1); (2) Performance on
superseding knowledge (Section C.2); (3) Perfor-
mance with explicit context (Section C.3). In addi-
tion, to mitigate self-preference bias, we also evalu-
ate responses from Claude models with a different
model-judge− GPT-4.1-mini (Section C.4).

C.1 Outdated Response Rate

As discussed in the ablation study in the main paper
(Section 4.2), simply measuring accuracy on the
open-ended QA task can mask the specific failure
modes of LLMs on evolveQA. To provide a more
granular analysis, we categorize each generated re-
sponse into one of three categories: (a) Accurate:
The response is factually correct and aligns with
the most current gold-standard answer. (b) Out-
dated: The response is factually correct for a past
time period but is now outdated or has been super-
seded. This is the Outdated Response Rate (ORR).
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(c) Incorrect: The response is neither accurate nor
outdated. Table 7 presents the full breakdown for
all models on the open-ended QA task. The key
observation is the consistently high ORR, which con-
firms that a primary failure mode is the retrieval
of stale, parametric knowledge. We observe that
for certain models, the proportion of outdated re-
sponses reaches as high as 55% in the AWS domain,
50% in the Azure domain, and 39% in the WHO-
DONs domain. This data provides strong evidence
that LLMs frequently mistake deeply ingrained yet
obsolete information for current fact.

C.2 Superseding Knowledge

Table 8 provides an example of additive vs. super-
seding knowledge. In the case of additive knowl-
edge, there could potentially be multiple correct an-
swers. As a result, model’s have a higher chance of
getting them correct. However, superseding knowl-
edge becomes highly challenging for the models,
especially in MCQ format, where we present a pre-
viously valid response as part of the input question.

Consequently, as illustrated in Table 9, we ob-
serve a significant reduction in performance in the
case of superseding knowledge, when compared
against the entire evolveQA benchmark.

C.3 Providing Explicit Entity, Concept,
Attribute Context

Table 10 shows the results from the cases where
we provide explicit contextual−{entity, concept,
attribute} and temporal hints (through a “current
date” − which is a randomly chosen date before
the model’s knowledge cut-off date and based on
the question’s time-frame).

C.4 Mitigating Self-Preference Bias:
Evaluating Claude Responses with
GPT-4.1-mini

To evaluate open-ended responses, our methodol-
ogy uses Claude Sonnet 4 (from Anthropic fam-
ily) as the model judge. We utilize this model-judge
even to evaluate responses from other Anthropic
family of models such as Claude 3.5 Sonnet,
Haiku. Therefore, to empirically validate if this
model-judge has a tendency to prefer responses
from its own family, we evaluate open-ended re-
sponses from Anthropic family of models using
an additional model-judge−GPT-4.1-mini. Even
with this judge, we observe a consistent pattern
(illustrated in Table 11), as discussed in the main
paper.

D Prompt templates

In this section, we provide all the prompt templates
utilized for the purposes of benchmark creation and
evaluation.

D.1 Prompts Related to Benchmark Creation
In this section, we provide the prompt tem-
plates used for creating our benchmark, evolveQA.
Specifically, Figure 5 provides the prompt template
for concept and salient entity extraction; Figure 6a
shows the prompt template for coherency check;
Figure 6b for cluster label generation; Figure 6c
for redundancy check; Figures 7 shows the prompt
templates for question generation; Figures 8 shows
the prompt templates for answer curation.

D.2 Prompts Related to Different Knowledge
Probing Formats

Figure 9 shows the prompts used for obtaining cor-
responding MCQ and Verifiable QA for an open-
ended question-answer pair in evolveQA.

D.3 Evaluation Rubric (Prompt) for Model
Judge

Figure 10 shows the prompt template used by the
model judge to evaluate responses from all the
LLMs on open-ended questions in evolveQA.
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evolveQA (%) Control Set (%)

Domain Model Family Model Acc. Outdated
(ORR) Incorrect Acc.

AW
S

W
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ts
ne

w
Fe

ed Anthropic

Claude 3.5-sonnet-v2 26.95 50.21 22.84 46.39
Claude 3.5-sonnet-v1 22.9 51.33 25.77 44.41
Claude 3 Haiku 15.93 52.46 31.62 33.84
Claude 3.5 Haiku 22.64 54.91 22.45 42.14

Llama

Llama 3.1-8B-Instruct 14.44 42.89 42.67 20.33
Llama 3.3-70B-Instruct 18.53 47.63 33.84 33.13
Llama 4-Scout-instruct 17.09 51.45 31.45 31.78
Llama 4-Maverick-instruct 22.18 47.64 30.18 36.45

OpenAI GPT-4.1-mini 22.86 54.67 22.47 41.69
GPT-5-mini 29.62 42.94 27.44 55.4

Gemma Gemma3-4B-instruct 12.18 36.73 51.09 18.83
Gemma3-27B-instruct 21.82 46.18 32.0 34.71
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Anthropic

Claude 3.5-sonnet-v2 22.95 50.27 26.78 49.82
Claude 3.5-sonnet-v1 21.31 46.99 31.69 46.24
Claude 3 Haiku 18.18 46.75 35.06 27.1
Claude 3.5 Haiku 21.32 48.22 30.46 41.5

Llama

Llama 3.1-8B-Instruct 17.58 34.55 47.88 16.85
Llama 3.3-70B-Instruct 24.24 44.24 31.52 36.26
Llama 4-Scout-instruct 18.72 48.82 33.0 31.58
Llama 4-Maverick-instruct 23.15 46.31 30.54 37.19

OpenAI GPT-4.1-mini 26.84 40.53 32.63 38.35
GPT-5-mini 29.47 45.26 25.26 49.82

Gemma Gemma3-4B-instruct 14.29 30.54 55.17 15.09
Gemma3-27B-instruct 25.12 39.41 35.47 30.88
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Anthropic

Claude 3.5-sonnet-v2 38.41 39.07 22.52 64.09
Claude 3.5-sonnet-v1 34.23 38.93 26.85 62.43
Claude 3 Haiku 29.41 38.97 31.62 60.69
Claude 3.5 Haiku 33.33 37.74 28.93 63.44

Llama

Llama 3.1-8B-Instruct 27.4 38.36 34.25 45.71
Llama 3.3-70B-Instruct 39.04 37.67 23.29 59.43
Llama 4-Scout-instruct 31.36 44.97 23.67 55.91
Llama 4-Maverick-instruct 33.14 37.87 28.99 59.14

OpenAI GPT-4.1-mini 39.1 35.26 25.64 68.13
GPT-5-mini 50.64 30.77 18.59 71.43

Gemma Gemma3-4B-instruct 23.67 23.08 53.25 31.72
Gemma3-27B-instruct 39.05 31.95 28.99 63.98

Table 7: Breakdown of performance on evolveQA Open-Ended QA. Here, we report: Accuracy, Outdated Response Rate (ORR),
and Incorrect response (%), across datasets. Performance on non-conflicting control set is also reported. We observe a high ORR,
at least 23%, across all datasets.

Additive Knowledge Superseding Knowledge

Question Answers (all valid) Question Answer

How does Amazon Kendra obtain user and
group access control information for
search filtering?

through secure search tokens...
How many AWS regions globally support
Amazon Kendra?

4
through its principal store... 5
AWS SSO identity store... 7

Table 8: This table provides examples of questions that test for two distinct types of knowledge: Additive−multiple valid
answers, and Superseding− only most recent answer is valid.
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MCQ: Acc. (%) Open-Ended QA: Acc. (%)

Domain Model Family Model
evolveQA -
superseding
knowledge

evolveQA Control Set
evolveQA -
superseding
knowledge

evolveQA Control Set
AW

S
W

ha
ts

ne
w

Fe
ed Anthropic

Claude 3.5-sonnet-v2 51.32 63.33 82.49 25.28 26.95 46.39
Claude 3.5-sonnet-v1 49.81 63.33 83.47 19.78 22.9 44.41
Claude 3 Haiku 49.79 62.47 68.07 15.88 15.93 33.84
Claude 3.5 Haiku 60.93 67.69 73.24 21.51 22.64 42.14

Llama

Llama 3.1-8B-Instruct 53.7 61.84 67.53 15.56 14.44 20.33
Llama 3.3-70B-Inst. 56.42 64.99 73.78 15.95 18.53 33.13
Llama 4-Scout-inst. 58.54 68.32 75.35 16.72 17.09 31.78
Llama 4-Maverick-inst. 53.66 66.3 79.51 21.95 22.18 36.45

OpenAI GPT-4.1-mini 47.76 62.78 78.24 17.54 22.86 41.69
GPT-5-mini 47.01 59.86 82.08 20.52 29.62 55.4

Gemma Gemma3-4B-inst. 42.16 52.85 58.24 11.85 12.12 18.83
Gemma3-27B-inst. 52.26 64.46 71.65 19.86 21.82 34.71

A
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U
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Anthropic

Claude 3.5-sonnet-v2 64.44 70.33 77.73 23.33 22.95 49.82
Claude 3.5-sonnet-v1 63.33 70.88 78.91 18.89 21.31 46.24
Claude 3 Haiku 66.27 70.78 64.44 13.25 18.18 27.1
Claude 3.5 Haiku 56.84 68.72 64.75 15.79 21.32 41.5

Llama

Llama 3.1-8B-Inst. 56.18 63.64 60.4 19.1 17.58 16.85
Llama 3.3-70B-Inst. 59.55 70.3 73.2 21.35 24.24 36.26
Llama4-Scout-inst. 61.86 72.64 71.76 19.59 18.72 31.58
Llama4-Maverick-inst. 68.04 76.12 75.95 24.74 23.15 37.19

OpenAI GPT-4.1-mini 59.14 71.81 76.56 22.58 26.84 38.35
GPT-5-mini 52.69 67.55 76.95 26.88 29.47 49.82

Gemma Gemma3-4B-inst. 50.52 54.73 51.53 14.43 14.29 15.09
Gemma3-27B-inst. 62.89 69.15 64.12 22.68 25.12 30.88
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Anthropic

Claude 3.5-sonnet-v2 64.71 73.1 86.19 31.03 38.41 64.09
Claude 3.5-sonnet-v1 62.35 71.72 90.61 25.88 34.23 62.43
Claude 3 Haiku 62.03 66.67 81.5 24.05 29.41 60.69
Claude 3.5 Haiku 70.1 72.08 80.11 28.87 33.33 63.44

Llama

Llama 3.1-8B-Inst. 62.79 67.36 73.14 23.26 27.4 45.71
Llama 3.3-70B-Inst. 61.63 68.75 83.43 32.56 39.04 59.43
Llama 4-Scout-inst. 62.11 68.71 82.26 29.47 31.36 55.91
Llama 4-Maverick-inst. 70.53 76.07 84.95 28.42 33.14 59.14

OpenAI GPT-4.1-mini 57.3 72.19 81.87 33.71 39.1 68.13
GPT-5-mini 59.55 72.85 86.26 42.7 50.64 71.43

Gemma Gemma3-4B-inst. 56.84 63.19 64.52 18.95 23.67 31.72
Gemma3-27B-inst. 67.37 71.17 79.51 34.74 39.05 63.98

Table 9: Performance comparison on the superseding knowledge subset of evolveQA, the full evolveQA benchmark, and the
non-conflicting control dataset. The sharp decline in MCQ accuracy on the superseding subset highlights that historically correct
but outdated answers significantly impairs the models’ ability to identify current information.

Domain Model Family Model Accuracy (%)

Open-ended QA Open-Ended QA with Context Open-Ended QA with Context and Date Open-Ended QA with Date

AW
S

W
ha
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ne

w
Fe

ed Anthropic

Claude 3.5-sonnet-v2 26.95 31.69 32.3 28.4
Claude 3.5-sonnet-v1 22.9 27.37 28.83 26.34
Claude 3 Haiku 15.93 21.78 24.12 16.16
Claude 3.5 Haiku 22.64 25.66 28.49 26.23

Llama

Llama 3.1-8B-Instruct 14.44 20.47 20.52 15.55
Llama 3.3-70B-Instruct 18.53 23.28 26.08 20.26
Llama 4-Scout-instruct 17.09 23.82 24.36 19.27
Llama 4-Maverick-instruct 22.18 24.91 26.36 22.18

OpenAI GPT-4.1-mini 22.86 25.84 28.83 24.25
GPT-5-mini 29.62 34 34.19 29.82

Gemma Gemma3-4B-instruct 12.18 18.55 20.91 14.36
Gemma3-27B-instruct 21.82 27.09 27.09 23.82

A
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Anthropic

Claude 3.5-sonnet-v2 22.95 31.15 31.15 22.4
Claude 3.5-sonnet-v1 21.31 32.24 30.05 22.95
Claude 3 Haiku 18.18 27.27 25.97 21.43
Claude 3.5 Haiku 21.32 30.96 30.96 23.35

Llama

Llama 3.1-8B-Instruct 17.58 24.24 26.67 16.36
Llama 3.3-70B-Instruct 24.24 28.48 29.7 25.45
Llama 4-Scout-instruct 18.72 27.59 27.59 19.7
Llama 4-Maverick-instruct 23.15 32.51 31.53 23.65

OpenAI GPT-4.1-mini 26.84 31.58 31.58 29.47
GPT-5-mini 29.47 36.32 36.84 28.95

Gemma Gemma3-4B-instruct 14.29 21.18 20.2 15.27
Gemma3-27B-instruct 25.12 29.06 27.09 25.12
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Anthropic

Claude 3.5-sonnet-v2 38.41 39.6 46.31 39.6
Claude 3.5-sonnet-v1 34.23 39.6 38.93 36.91
Claude 3 Haiku 29.41 30.15 33.82 31.62
Claude 3.5 Haiku 33.33 34.59 32.7 36.48

Llama

Llama 3.1-8B-Instruct 27.4 28.08 26.03 27.4
Llama 3.3-70B-Instruct 39.04 36.99 39.04 34.93
Llama 4-Scout-instruct 31.36 29.59 30.77 29.59
Llama 4-Maverick-instruct 33.14 33.14 33.14 31.95

OpenAI GPT-4.1-mini 39.1 39.74 41.03 37.18
GPT-5-mini 50.64 49.36 53.21 46.15

Gemma Gemma3-4B-instruct 23.67 26.04 22.49 28.4
Gemma3-27B-instruct 39.05 34.32 37.28 40.24

Table 10: Ablation study on the impact of providing contextual and temporal hints to LLMs in the open-ended QA setting of
evolveQA. The table presents the accuracy of each model across the three domains under four conditions, comparing the baseline
(no context) to performance when provided with context (the {entity, concept, attribute} tuple), a date hint, or both. The date
hint is sampled relative to the model’s knowledge cut-off date.
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Non-Conflicting Control Dataset evolveQA [Open-Ended QA (%)]
[Open-Ended QA (%)]

Domain Model Family Model Sonnet-4 Judge GPT-4.1-mini Judge Sonnet-4 Judge GPT-4.1-mini Judge

Acc. Acc. Acc. Outdated Incorrect Acc. Outdated Incorrect

A
zu

re

Anthropic

Claude 3.5-sonnet-v2 49.82 54.12 22.95 50.27 26.78 28.89 47.78 23.33
Claude 3.5-sonnet-v1 46.24 51.61 21.31 46.99 31.69 20.00 56.67 23.33
Claude 3 Haiku 27.10 33.21 18.18 46.75 35.06 25.30 53.01 21.69
Claude 3.5 Haiku 41.50 43.66 21.32 48.22 30.46 25.26 51.58 23.16

AW
S

Anthropic

Claude 3.5-sonnet-v2 46.39 50.92 26.95 50.21 22.84 29.43 59.62 10.94
Claude 3.5-sonnet-v1 44.41 49.65 22.90 51.33 25.77 25.94 60.90 13.16
Claude 3 Haiku 33.84 37.69 15.93 52.46 31.62 21.94 62.87 15.19
Claude 3.5 Haiku 42.14 46.88 22.64 54.91 22.45 26.79 59.29 13.93

W
H

O

Anthropic

Claude 3.5-sonnet-v2 64.09 69.61 38.41 39.07 22.52 40.00 41.18 18.82
Claude 3.5-sonnet-v1 62.43 64.64 34.23 38.93 26.85 42.35 40.00 17.65
Claude 3 Haiku 60.69 56.65 29.41 38.97 31.62 29.11 41.77 29.11
Claude 3.5 Haiku 63.44 63.44 33.33 37.74 28.93 37.11 21.65 41.24

Table 11: Shows accuracy scores for the Claude-family models on open-ended evolveQA, evaluated by our primary judge
(Claude Sonnet 4) and cross-validated with an out-of-family judge (GPT-4.1-mini). The consistent trends across both judges
demonstrate the robustness of our evaluation methodology.

Figure 5: Shows the prompt used for concept and salient entity extraction.
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(a) Shows the prompt used for coherency check.
(b) Shows the prompt used for concept-cluster label gen-
eration.

(c) Shows the prompt used for redundancy check.
Figure 6: Shows all the prompts used for the LLM-in-the-loop High Coherence Clustering process.
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(a) Shows the prompt used for identifying evolving knowledge.

(b) Question Generation prompt.
Figure 7: Shows the prompt template used for question generation (step-1: Figure (a); step-2: Figure (b)).
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(a) Prompt used to check evidence sufficiency (first step of answer generation).

(b) Answer Generation prompt.
Figure 8: Shows the prompt templates used for answer generation (Figures - (a), (b)).
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(a) Prompt used for obtaining corresponding MCQ format for an open-ended question.

(b) Prompt used for obtaining corresponding Verifiable QA for an open-ended question.
Figure 9: Prompts used for different knowledge probing formats.
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Figure 10: Shows the evaluation rubric used by Claude Sonnet 4 (judge) to evaluate responses open-ended responses from
LLMs on evolveQA.
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