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Abstract

LLMs often fail to handle temporal knowl-
edge conflicts—contradictions that arise when
facts evolve over time within their training
data. Existing benchmarks often rely on
structured sources such as Wikidata, where
changes are directly exposed through versioned
snapshots, and rarely account for differences
in model knowledge cut-offs, limiting fair
evaluation across LLMs released at different
times. We introduce a novel framework for
automatically constructing temporal knowl-
edge probing benchmarks from unstructured,
time-stamped corpora by discovering evolv-
ing knowledge through salient entities, con-
cepts, and attributes; and using this structure
to generate grounded questions with gold an-
swers aligned to model cut-off dates. Using
this framework, we construct evolveQA, span-
ning 3 domains: AWS service updates, Azure
platform changes, and WHO Disease Outbreak
News reports. Evaluating 12 open- and closed-
source LLMs across 3 probing formats, we find
performance drops of up to 31% on evolveQA
compared to static knowledge questions, show-
ing that LLMs struggle to recall temporally
updated facts even when such knowledge is
available in their parameters.

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ating contradictions between outdated and current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, technology, and public policy, where guide-
lines, specifications, and institutional decisions
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Figure 1: Illustration of temporal knowledge evolution and
LLM recall: (a) In real-world unstructured corpora, changes
in facts are not explicitly exposed, making evolving knowledge
difficult to identify; (b) Even when outdated and updated facts
may both appear in pretraining data, LLMs can give outdated
open-ended answers while selecting the current information
when presented as multiple-choice options.

frequently change. As LLMs are increasingly
integrated into knowledge-seeking and decision-
support workflows, their tendency to surface out-
dated information over recent updates, as illustrated
in Figure 1, can undermine reliability and user trust.

Prior work has studied three broad forms of
knowledge conflicts in LLMs: conflicts in external
retrieved documents (Pan et al., 2021; Chen et al.,
2022; Wang et al., 2025), conflicts between exter-
nal context and parametric knowledge (Kortukov
et al., 2024; Wang et al., 2023; Xie et al., 2023;
Neeman et al., 2022), and conflicts within paramet-
ric knowledge itself (Elazar et al., 2021; Elsahar
et al., 2018; Dong et al., 2023; Zhao et al., 2023),
often stemming from noise, biases, or outdated
information in the vast training corpora.

However, existing benchmarks (comprehen-
sively discussed in Appendix A) remain limited for
evaluating temporal knowledge conflicts, a severely
under-explored form of parametric knowledge con-
flict. Many recent benchmarks rely on structured
sources such as Wikidata or Wikipedia (Kim et al.,
2023; Su et al., 2024b; Marjanovic¢ et al., 2024;
Ozer and Yildiz, 2025; Tang et al., 2025; Ko
et al., 2024; Ouyang et al., 2025), where tempo-
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Benchmark / Unstructured  Fully Natural Cut-off Answer

Framework Source Auto. Evol. Aware  Formats
Structured Knowledge Bases

Carpe (Kim et al., 2023) X v v X Single
DynamicQA (Marjanovi¢ et al., 2024) X v v X Single
ConflictBank (Su et al., 2024b) X v X X Single
EvoWiki (Tang et al., 2025) X v v v Single
GrowOver (Ko et al., 2024) X v v X Multiple
Dynamic Updating

RealTimeQA (Kasai et al., 2024) v X v X Single
TemporalWiki (Jang et al., 2022a) X v X Single
Human-Curated Temporal QA

SituatedQA (Zhang and Choi, 2021) v X v X Single
FreshQA (Vu et al., 2024) v X v X Multiple
evolveQA (Ours) v v v v Multiple

Table 1: Comparison of our framework with prior works.

ral changes can be directly identified by compar-
ing versioned snapshots. As summarized in Ta-
ble 1, this design creates three limitations: eval-
uations may be vulnerable to memorization due
to the popularity of these sources (Mallen et al.,
2022); benchmark construction is restricted to re-
sources with explicit versioned metadata; and most
benchmarks are not cut-off-aware—failing to ac-
count for the fact that LLMs themselves evolve over
time, making it difficult to fairly evaluate models
whose knowledge changes over time (Tang et al.,
2025). Other approaches either introduce artificial
conflicts (Su et al., 2024b) or rely on costly hu-
man curation (Zhang and Choi, 2021; Vu et al.,
2024). Consequently, we still lack a scalable, cut-
off-aware framework for automatically discovering
evolving knowledge from unstructured corpora.

To address this gap, we propose a novel frame-
work for systematically constructing temporal
knowledge probing benchmarks from unstructured,
time-stamped corpora, without relying on pre-
existing versioned knowledge-base snapshots or
manually curated temporal facts. Given a corpus
of time-stamped documents, our framework (Sec-
tion 2) automatically discovers naturally occurring
knowledge evolution by: (1) extracting salient en-
tities and concepts, (2) clustering concepts into
broader topics, (3) isolating attributes that change
over time, and (4) generating grounded evaluation
questions with time-sensitive gold answers aligned
to different LLM knowledge cut-off dates. By dis-
covering temporal changes directly from unstruc-
tured text, our framework enables scalable, cut-off-
aware evaluation in realistic domains where knowl-
edge evolves without explicit temporal snapshots.

Using our framework, we introduce evolveQA, a
comprehensive QA benchmark for evolving knowl-
edge built 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 LLM

knowledge cut-off dates and 3 question formats:
open-ended, multiple-choice, and verifiable QA
(Section 3). Our evaluation of 12 LL.Ms (6 open-
source, 6 closed-source) from 4 model families re-
veals universal and significant performance degra-
dation on temporally evolving knowledge, with
accuracy drops of 6% — 31% across domains com-
pared to non-conflicting scenarios. Critically, we
show that question format substantially impacts per-
formance: while models achieve 53% — 76% accu-
racy 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 responses to
open-ended questions but select the correct option
in the corresponding MCQ format, indicating that
updated knowledge exists in parametric memory
but is poorly prioritized during recall (Section 4).
Such findings provide crucial insights into tempo-
ral knowledge conflicts and establish a foundation
for developing more temporally 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 LLLMs 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
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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.

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
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 LL.M-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
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cluster, an LLLM 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
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, “Al-
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 HDBSCAN
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. From here on, {con-
cept cluster label} is shortened 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 explic-
itly 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
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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 the 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.

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 an open-ended question, we gener-
ate a pair of “yes/no” questions: (a) Yes-eliciting:
confirms correct and current fact (e.g., “Is 90 days

the maximum historical data retention period acces-
sible through Amazon Connect’s GetMetricDataV?2
API?”). (b) No-eliciting: confirms plausible but
incorrect fact (e.g., “Is 14 days the maximum histor-
ical data retention period accessible through Ama-
zon 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 explicitly
accounts for the target LLM’s knowledge cut-off
date. During evidence verification, we filter the
potential source documents, discarding any doc-
ument whose timestamp exceeds the knowledge
cut-off date of the LLM being evaluated. For
instance, when constructing the benchmark for
Llama-3.1-8B-Instruct model (whose knowl-
edge cut-off date is December 2023), all documents
published after this date are excluded from the an-
swer curation process for that specific evaluation
context. This ensures a fair and accurate evalua-
tion 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
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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 evolveQAl, 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.1.

3.1 Knowledge Domains

We curate evolveQA from 3 public, time-stamped
corpora chosen to support automatic discovery of
naturally evolving knowledge without predefined
snapshots. Together, they provide document-level
temporal grounding, frequent updates, and varia-
tion in structure and update dynamics.

AWS What’s New Feed: Public AWS service
updates and announcements from 2019 to 2024.

Azure Updates: Public Azure service updates,
providing a parallel but distinct technical domain
for evaluating evolving knowledge.

WHO - Disease Outbreak News (WHO-
DONSs): World Health Organization (WHO) re-
ports on global disease outbreaks from 1997 to
2025. Unlike cloud domains, WHO-DON:Ss repre-
sents a significantly different domain. Documents
are at least ~ 110 words longer than the other two
domains with several sections. By breaking down
each document into its respective sections, we in-
gest this structurally diverse data into our method.

3.2 LLMs Used

As discussed in Section 2, an LLM’s internal knowl-
edge is temporally bounded by its training cut-off
date, directly impacting how LLMs handle conflict-
ing information without supporting mechanisms
like RAG (Lewis et al., 2020). Consequently, we
develop evolveQA for 12 prominent LLMs (6 open-
source, 6 closed-source, spanning 4 model families)
across 6 knowledge cut-off dates, with each LLM’s
evaluation set aligned to its respective cut-off date
(collected from LLM providers’ official websites).

To empirically validate LLMs lack knowledge
beyond their reported cut-off dates, we perform
Membership Inference Attack (MIA) (Shi et al.,

'Dataset at:
evolveQA

https://github.com/amazon-science/

2023) using LLama-3.1-8B-instruct. We find a
consistent performance gap in each domain when
comparing the relative scores, for the documents
before and after the LLM’s cut-off date. This con-
firms that the chosen input corpus and model cut-
off dates are well-aligned with the model’s internal
knowledge (details in Appendix B.2).

3.3 Benchmark Quality

We employ safeguards to mitigate hallucinations
and bias from Claude Sonnet-3.5-v2 during
question and answer curation. We adopt the self-
correction strategy of Kim et al. (2023), which
demonstrates that self-validation is effective in fil-
tering out model-specific biases. Following this
approach, during question generation, we provide
the context: {entity, concept, attribute} (E-C-A)
along with the set of relevant document chunks and
prompt the LLM to validate if the knowledge in
those chunks evolves with respect to the provided
E-C-A, ensuring the questions remain grounded in
E-C-A. Similarly, after answer curation, we prompt
the LLM with a question and a list of all answers
(potentially evolved with time) to validate the au-
thenticity of temporal evolution. More information
on these steps is provided in Appendix B.3.

We further analyze the quality of evolveQA
through a human evaluation on a randomly sam-
pled 100 QA pairs (see Appendix B.5.1 for details).
We observe that the questions are well-grounded to
their {entity, concept, attribute} tuples in 92% of
cases, 94% of the identified attributes evolve over
time, and 89% of the questions are high-quality, tar-
geting specific and non-trivial knowledge. Coupled
with gold answer correctness of > 91%, these re-
sults support the reliability of evolveQA for LLM
evaluation. Table 2 shows benchmark statistics,
with question diversity analyzed in Appendix B.4.

4 Evaluation of LLMs on evolveQA

4.1 Experimental Setup

Control Dataset: To isolate the effect of tem-
poral knowledge conflicts, we construct a tempo-
rally non-conflicting control set that measures each
model’s baseline performance on static facts from
the same domains. This is especially important
because LLMs have different knowledge cut-off
dates, making direct comparison across models less

2https://platform.openai.com/docs/models/
gpt-5-mini
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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
12/31/23 464 457 453 165 165 155 146 144 128 775
4/30/24 486 480 469 183 182 172 149 145 133 818
5/31/24 503 497 487 190 188 178 156 151 140 849

Claude 3 Haiku (Anthropic, 2024a)

Llama 3.1-8B-inst, 3.3-70B inst. (Dubey et al., 2024)
Claude 3.5 Sonnet V2, V1 (Anthropic, 2024b)
GPT-4.1-mini (Achiam et al., 2023), GPT-5-mini>
7131124 530 523 513 197 195 180 159 154 145 886
8/31/24 550 543 532 203 201 188 169 163 155 922

Claude 3.5 Haiku (Anthropic, 2024b)
Gemma3 4B, 27B inst. (Team et al., 2025), Llamad-Scout, Maverick inst. (Meta, 2025)

Table 2: evolveQA statistics for different cutoff dates, and across the three domains - {AWS, Azure, and WHO-DONs}. The

table also provides the breakdown with respect to different knowledge probing formats. Along with these, it shows the relevant
LLM:s intended for evaluation for each knowledge cut-off date.

informative. We construct the control set by first re-
moving the documents from source corpora that are
associated with top-4 most temporally-conflicting
concept-clusters (identified during evolveQA cre-
ation), then excluding all documents pertaining to
questions in evolveQA, sampling ~ 1200 remain-
ing documents, and generating QA pairs targeting
static facts. This control set allows us to compare
each model’s performance on evolving knowledge
against its own static-fact baseline within the same
domain (see Table 3 for dataset statistics).

No. of QA pairs

Cutoff Date ‘ ‘ Total No. QA Pairs

| AWS Feed Azure Updatess 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 3: 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).

Evaluation Metrics: We evaluate LLMs’ perfor-
mance on evolveQA and control datasets using two
metrics: (a) Accuracy: The proportion of correct
answers (measured for all three question types).
For open-ended QA, we also measure Outdated
Response Rate (ORR), the proportion of answers
that are factually correct for a past time period but
are outdated by current knowledge. (b) Hard Ac-
curacy for Verifiable QA: The proportion of cases
where a model correctly answers both yes and no-
eliciting variants of the same underlying fact.

Evaluation Methodology: Since exact-match met-
rics are insufficient for open-ended QA evaluation,
we employ model-as-a-judge evaluation (Zheng
et al., 2023) using Claude Sonnet-4, chosen for
its strong instruction-following and semantic un-
derstanding capabilities. We provide the judge
with the question, LLM-generated response, gold
answer, and answers from previous timestamps.
Then we prompt it to classify responses into three
categories: CORRECT_AND_CURRENT: the re-
sponse matches the current authoritative answer,
OUTDATED: the response aligns with a previously

valid but now outdated answer, or INCORRECT:
the response is neither current nor historically valid.
The evaluation rubric prompt is in Appendix D.3.
We also perform a meta evaluation of the qual-
ity of the LLM judge and observe that the judge
achieves an accuracy of ~ 96% while evaluating
open-ended responses (details in Appendix B.5.2).

4.2 Results and Ablations

Main Results: The main results are presented
in Table 4. 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-DON s 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 per-
formance varies across question formats. Accuracy
improves when questions are framed as MCQs or
verifiable QA compared to the open-ended setting
(Table 4). On evolveQA, MCQ accuracy improves
by ~ 22%-54%, while verifiable QA improves by
~ 10%-30% over open-ended QA. This suggests
that presence of the correct information in the con-
text either in MCQ or in the verifiable QA format,
helps the LLMs select the correct answer. However,
performance in both formats continues to lag sub-
stantially behind the corresponding control dataset,
indicating that temporal conflicts remain challeng-
ing even when the answer space is constrained.

To verify that the observed MCQ performance is
not driven by option-order bias, we randomly shuf-
fle the answer choices three times and report the
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| AWS Whatsnew Feed | Azure Updates | WHO-Disease Outbreak News
Open-Ended Verifiable | Open-Ended Verifiable | Open-Ended Verifiable
Model QA MCQ QA QA MCQ QA QA MCQ QA
Accuracy (%) is reported side-by-side: evolveQA / Control
Anthropic
Claude 3.5-Sonnet-v2 27.0/46.4 63.3/825 42.6/68.0 23.0/49.8 7037717 49.4/583 38.4/64.1 73.1/86.2 67.7/79.3
Claude 3.5-Sonnet-v1 229/44.4 63.3/83.5 40.9/67.1 21.3/46.2 70.9/78.9 47.1/56.0 34.2/62.4 71.7/90.6 63.9/76.4
Claude 3 Haiku 15.9/33.8 62.5/68.1 37.0/684 18.2/27.1 70.8/64.4 40.4/58.7 29.4760.7 66.7/81.5 47.9/81.9
Claude 3.5 Haiku 22.6/42.1 67.7/73.2 37.8/43.9 21.3/41.5 68.7/64.8 40.2/39.7 33.3/634 72.1/80.1 58.6/77.0
Llama
Llama 3.1-8B-Inst 1447203 61.8/67.5 35.8/49.0 17.6/16.9 63.6/60.4 45.8/43.1 2747457 67.4/73.1 37.5/41.7
Llama 3.3-70B-Inst 18.5/33.1 65.0/73.8 36.6/72.7 24.2/36.3 70.3/73.2 46.5/59.4 39.0/59.4 68.8/83.4 53.1/72.6
Llama 4-Scout 17.1/31.8 68.3/754 419/654 18.7/31.6 72.6/71.8 48.4/55.0 31.4/559 68.7/82.3 56.7/753
Llama 4-Maverick 22.2/36.5 66.3/79.5 40.0/80.5 23.2/372 76.1/76.0 47.3/76.0 33.1/59.1 76.1/85.0 54.2/86.5
OpenAl
GPT-4.1-mini 2297417 62.8/78.2 39.8/60.0 26.8/38.4 71.8/76.6 39.9/56.0 39.1/68.1 7227819 62.1/81.7
GPT-5-mini 29.6/55.4 60.0/82.1 42.7/65.7 29.5/49.8 67.6/77.0 42.1/51.2 50.6/71.4 7297863 67.9/86.3
Gemma
Gemma3-4B-inst 12.2/18.8 52.9/58.2 355/25.6 143/15.1 547/51.5 33.0/29.5 23.7/31.7 63.2/64.5 419/19.1
Gemma3-27B-inst 21.8/34.7 64.5/71.7 39.3/47.1 25.1/30.9 69.2/64.1 46.3/40.7 39.1/64.0 71.2/79.5 51.0/61.2

Table 4: Effect of temporally evolving knowledge on LLMs. The performance drop caused by evolving knowledge is
illustrated by reporting the accuracies on evolveQA and Control set side-by-side. “Open-Ended QA” and “MCQ” report
standard accuracy, while “Verifiable QA” reports hard accuracy. All results are based on a single LLM execution.

Model | evolveQA (%) | Control (%)
Llama-3.1-8B-Inst. 61.39 £ 0.51 66.78 £+ 1.30
GPT-4.1-mini 64.25 + 1.41 78.29 £+ 0.56

Table 5: MCQ performance under randomized option order-
ing in the AWS domain, reported as mean accuracy =+ standard
deviation across three random shuffles of answer choices.

mean accuracy and standard deviation. As shown
in Table 5, performance remains stable across dif-
ferent option orderings, with low standard devi-
ations on both evolveQA and the control dataset.
This further supports that the improvement in MCQ
performance stems from providing the model with
candidate answers rather than from a particular or-
dering of the choices. The ability to correctly iden-
tify the current answer when it is presented among
candidate responses, despite failing to generate it in
the open-ended setting, suggests that models often
possess the updated information in their parametric
knowledge but struggle to reliably recall it during
open-ended generation.

Controlling for Entity Coverage and Recency:
Given the performance gap across question formats,
we further examine whether differences in entity
coverage or recency between evolveQA and the
control dataset could explain this degradation. We
conduct two matched-subset analyses in the AWS
domain using Claude-3.5-Sonnet-v2. First, we
restrict both datasets to questions involving enti-
ties shared across the two datasets; approximately
71.8% of evolveQA questions satisfy this criterion.
Using April 2024 as the knowledge cutoff, this
yields 349 evolveQA and 343 control questions.
As shown in Table 6, a substantial performance

Question evolveQA Control
Matched Subset ‘ Format (%) (%)
Open-ended QA 29.2 47.0
Entity-matched MCQ 64.1 81.2
Verifiable QA 44.9 66.0
. Open-ended QA 29.5 47.6
Fotity + Becency- MCQ 64.9 83.8
Verifiable QA 45.7 66.2

Table 6: Performance (%) of Claude-3.5-Sonnet-v2 on
matched subsets of the AWS domain. Entity matching restricts
both datasets to questions concerning shared entities, while
entity + recency matching additionally restricts questions to
2022-2024. A substantial performance gap persists across all
question formats under both matching criteria.

gap persists across all three question formats. We
further control for recency by restricting the shared-
entity subset to questions from 2022-2024, yield-
ing 288 evolveQA and 164 control questions. The
performance gap remains comparable under this
stricter matching criterion. These results suggest
that differences in entity coverage or recency alone
do not account for the observed performance gap
between evolveQA and the control dataset.

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 L1ama-3.1-8B model, we observe a
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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 provide
outdated responses more frequently than incor-
rect ones in open-ended QA, with ORR ranging
~ 23% — 54% (Appendix C.1). Interestingly, cor-
rect knowledge is often latently present even when
outdated responses are generated. We test this
by examining cases where a model provided an
outdated answer in open-ended format, however,
selected the correct option in the corresponding
MCQ format. This occurred in 32.44% of cases in
WHO-DONs, 41.34% in Azure, and 45.2% in AWS:
indicating that models possess updated knowledge
but fail to recall it during open-ended generation.
Impact of Explicit Context in Prompt: We in-
vestigate whether providing more context related
to the question helps LLMs handle temporal con-
flicts in open-ended QA by testing three prompt
variations: (1) providing Entity-Concept-Attribute
(E-C-A) from our benchmark in prompt; (2) pro-
viding “current date” in the prompt; (3) providing
both E-C-A and “current date”. Results show that
providing only the “current date” generally does
not improve LLMs ability to recall authoritative
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 fall into two types: (1) additive knowl-
edge complementing existing facts (e.g., “How
does Kendra access user information?” has mul-
tiple valid answers); (2) superseding knowledge
invalidating previous facts (e.g., “How many AWS
regions support Kendra?” has only one valid an-
swer). To analyze more challenging superseding
knowledge, we isolate MCQ instances where out-
dated facts serve as distractors. Models show in-
creased vulnerability: MCQ accuracy drops ~ 15%
(GPT-4.1-mini in AWS/WHO-DONs, GPT-5-mini
in Azure), suggesting strong interference from his-
torically correct distractors. Open-ended QA per-

formance drops up to 9%. Notably, GPT fam-
ily models show consistently higher degradation
across both formats, indicating potential architec-
tural sensitivity to factual updates (Appendix C.2).
Impact of Model Judge Bias: To ensure our
open-ended QA evaluation using Claude Sonnet
4 is not skewed by self-preference bias, we per-
form cross-validation using GPT-4.1-mini to re-
evaluate all responses from the Claude family. Re-
sults in Table 15 (Appendix) confirm robustness:
while absolute scores vary between judges, per-
formance trends and degradation magnitude on
evolveQA remain consistent.

5 Conclusion

We introduced a framework for automatically dis-
covering evolving knowledge from unstructured,
time-stamped corpora and used it to construct
evolveQA, a real-world benchmark for temporal
knowledge conflicts. Our findings show that LLMs
often struggle to retrieve updated knowledge, par-
ticularly in open-ended queries, even when such
facts appear available in their parameters. This
work highlights the need for temporally robust
LLMs in dynamically evolving domains.

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 in our setting is quan-
tifying recall during the identification of evolv-
ing knowledge. Our framework operates over un-
structured, time-stamped corpora, where there is
no comprehensive ground-truth dataset of all facts
that evolve over time, nor versioned snapshots that
enumerate such changes. As a result, while we
can evaluate whether the facts identified by our
pipeline are precise, evidence-grounded, and tem-
porally valid, we cannot reliably measure whether
the framework captures every possible instance of
evolving knowledge in the corpus. This limitation
is inherent to moving beyond structured resources
such as Wikidata or Wikipedia snapshots. For the
same reason, during construction of the control
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dataset, we cannot quantify the full set of static
facts available in the corpus or measure how com-
pletely our framework identifies them.

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 LLLM 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
example, conflicts in retrieved context (Pan et al.,
2021; Chen et al., 2022; Wang et al., 2025), con-
flicts between external context and LLMs’ internal
parametric 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 pa-
rameters (Elsahar et al., 2018; Elazar et al., 2021;
Dong et al., 2023; Zhao et al., 2023; Marjanovi¢
et al., 2024). Our work addresses this third cate-
gory, focusing specifically on temporal knowledge
conflicts that arise from outdated information in
pre-training corpora (Kaddour et al., 2023; Zhou
et al., 2023).

Evolving knowledge benchmarks. Most exist-
ing benchmarks for evolving or conflicting knowl-
edge rely on structured knowledge sources, pre-
dominantly Wikidata or Wikipedia (Kim et al.,
2023; Su et al., 2024b; Marjanovié et al., 2024;
Ozer and Yildiz, 2025; Tang et al., 2025; Ko et al.,
2024; Ouyang et al., 2025). These works lever-
age versioned snapshots or change logs to identify
evolving facts, typically represented as structured
triples. While effective in controlled settings, such
benchmarks depend on explicit temporal metadata
that is rarely available in real-world corpora and re-
main limited to few structured knowledge sources.
Some benchmarks additionally induce temporal
conflicts artificially, e.g., by modifying timestamps
or factual values (Su et al., 2024b), which does not
reflect naturally occurring knowledge evolution.

Another line of work studies dynamic nature of
knowledge and its implications on LLMs, includ-
ing CKL-LAMA (Jang et al., 2022b) and Tempo-
ralWiki (Jang et al., 2022a), which assesses knowl-
edge retention and updates. RealtimeQA-styled
benchmarks (Kasai et al., 2024; White et al., 2025),
and Dyknow (Mousavi et al., 2024) enables test-
ing LLMs on most up-to-date knowledge, rather
than whether there is a knowledge conflict within
model’s parameters. Moreover, most benchmarks
do not explicitly account for model knowledge cut-
off dates, with EvoWiki (Tang et al., 2025) being
a notable exception, though it remains Wikidata-
based.

Finally, human-curated benchmarks such as Sit-
uatedQA, StreamingQA, and FreshQA (Zhang and
Choi, 2021; Liska et al., 2022; Vu et al., 2024) cap-
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ture temporal evolution via manual question writ-
ing or annotation. While more natural, these bench-
marks are costly to scale and typically static once
released. In contrast, evolveQA is constructed fully
automatically from unstructured, time-stamped cor-
pora, does not rely on structured knowledge bases
or artificial conflicts, and explicitly models tempo-
ral knowledge conflicts arising from LLM knowl-
edge cut-off dates, enabling evaluation in realistic
and domain-specific settings.

Temporal Reasoning. We distinguish our focus
on temporal knowledge conflicts from the broader
field of temporal reasoning where the focus is on
testing LLLMs’ ability to understand basic temporal
concepts such as ordering events chronologically,
determining how long events last, and understand-
ing temporal relationships among events (Chen
et al., 2021; Dhingra et al., 2022; Gupta et al.,
2023; Wei et al., 2023; 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 parameters, as that knowledge evolves
over time.

B evolveQA

B.1 Hyperparameters / Implementation
Details

Obtaining Domain Data for evolveQA: We
scrape domain-specific data using Selenium’—
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 * 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 % 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-
DONSs domain. Therefore, based on the domain

3https://selenium-python.readthedocs.io/
*https://web.archive.org

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-
DONSs 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
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-english’ 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 (Mclnnes et al., 2018) algorithm
(n_neighbors = 15, umap_components = 5).
For HDBSCAN clustering, we use the follow-
ing hyperparameters:
5; min_samples = 1; epstlon = 0.1. Finally, for
all LLM-calls, we set temperature = 0.

min_cluster_size =

Evaluating LLMs: For analyzing the behavior
of LLMs on evolveQA, we set temperature =
O,top_p = 095 for all models except
Llama-3.1-8B-instruct, and GPT-5-mini. By
setting temperature = 0, we faced token repe-

Shttps://docs.cohere.com/docs/models
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tition issues with L1ama-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 OpenAl).

B.2 Membership Inference Attack

Table 7 shows the results from MIA using min-
k% algorithm. We conducted this experiment
with L1lama-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 7: 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.3 evolveQA construction details

In this section, we provide details involved in con-
structing evolveQA, especially regarding the safe-
guards employed to prevent potential hallucina-
tions and bias from the backbone LLM Claude
Sonnet-3.5-v2. We employ safeguards during the
question generation and after answer curation, to fil-
ter out all the questions that indicate no knowledge
evolution, following (Kim et al., 2023). Specifi-
cally, during question generation, using the prompt
shown in Figure 10, by providing the {entity, con-
cept, attribute} (E-C-A) context along with the
relevant document chunks, we ask an LLM to val-
idate if the knowledge contained in the document
chunks evolve with respect to the provided E-C-A
context. Similarly, after the answer curation, for a
question-answer pair across all knowledge cut-off
dates, by providing the question along with a list
of all potentially temporally evolving answers, we

prompt the LLM to validate if the answer really
evolves over time (using the prompt 16). If not,
we discard such question-answer pairs. Along with
these, we also perform other forms of filtering to
clean up the data (discussed in Section 2.2.1).

B.4 evolveQA diversity

We provide additional analysis of the diversity
of questions generated across the three domains
in evolveQA. Our framework identifies evolving
knowledge by grounding each instance in an {entity,
concept, attribute} (E-C-A) tuple, which jointly
specifies the subject, context, and evolving prop-
erty underlying a temporal change. Since each
generated question is associated with a specific E-
C-A tuple, we quantify question diversity in terms
of the number of unique entities, concepts, and at-
tributes covered by the benchmark. This allows
us to assess whether evolveQA captures a broad
range of evolving knowledge instances rather than
repeatedly querying the same underlying temporal
changes. Table 8 quantifies the diversity of gener-
ated questions across domains in terms of unique E-
C-A tuples. Table 9 further lists the concepts iden-
tified in each domain for which knowledge evolves
over time. Italicized concepts account for approxi-
mately 80% of the generated questions within each
domain, highlighting the dominant evolving con-
cepts captured by evolveQA.

Domain #Unique Avg. # Unique Avg. # Unique Attributes
Concepts Ents/ Concept per Concept-Entity Pair
AWS Feed 11 25.72 1.48 + 0.967
Azure Updates 6 19.16 1.26 +0.781
WHO-DONs 8 6.75 1.46 £+ 0.832

Table 8: Quantifies the diversity of questions captured by our
benchmark—evolveQA.

Furthermore, we provide qualitative examples
to illustrate how our framework generates diverse
questions using the {entity, concept, attribute} tuple
as the primary anchor. Consider an example from
the AWS domain with the concept Geographic Ser-
vice Expansion and the entity AWS Direct Connect.
For the same concept-entity pair, different evolving
attributes give rise to questions targeting distinct as-
pects of temporal knowledge. For example, the at-
tribute Global Network Connectivity and Regional
Access via AWS Direct Connect yields questions
such as: (i) Can AWS Direct Connect locations pro-
vide access to all AWS regions in China? and (ii)
What is the maximum connection speed available
through AWS Direct Connect for dedicated connec-
tions? By contrast, the attribute AWS Direct Con-
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nect Transit Gateway Regional Expansion yields
the question: How many AWS Regions support AWS
Direct Connect for AWS Transit Gateway? This ex-
ample shows that evolveQA captures diversity at
the level of evolving knowledge instances, where
distinct attributes associated with the same entity
and concept can produce meaningfully different
questions.

B.S 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
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 annotator.
Table 10 shows the results from human evalua-

Open-ended QA Performance Aggregated across three domains (%)

Haiku-3.5

Haiku-3

Sonnet-3.5-v1
Sonnet-3.5-v2

Llama 4-Maverick-inst.

Llama 4-Scout-inst.
Llama 3.3-70B-inst.
Llama 3.1-8B-inst.

GPT-5-mini

GPT-4.1-mini
Gemmas3-27B-inst.
Gemma3-4B-inst. I

m evolveQA Acc. m Control Acc.

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

tion. 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-
correct in its decisions.

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.
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AWS Feed (11 Concepts)

WHO DON:s (8 Concepts)

Azure Updates (6 Concepts)

Monitoring, Logging and Event
Integration Enhancements

Public Health Response and Prevention
Measures for Disease Outbreaks

Cloud Services General Availability
Announcements

Tiered Pricing Model Implementation
and Service Cost Reduction

Viral Infection Cases and Mortality
Data

Software Development Platform
Updates

Al-Powered Development

Environmental and Transmission
Factors in Disease Spread

Cloud Service Version Retirements

Geographic Service Expansion

Animal-Human Viral Disease
Transmission

Cloud Services Security and
Compliance Certifications

Enterprise Authentication and Access
Control Features

Influenza Virus Outbreak Investigation
and Reporting

Public Preview Releases of Cloud
Infrastructure and Security Services

Version Updates with Enhanced

Cholera Outbreak Analysis Across

Cloud Service and Development

Enhancement Project

Viral Disease

Features and Compatibility Different Regions Platform Integration
Improvements
UI/UX Modernization and Clinical Symptoms and Progression of

Deployment Infrastructure and Runtime
Support Enhancements

Vaccine-Derived Poliovirus Cases and
Outbreaks

SQL Query Performance and Database
Integration Enhancements

Multiple Cloud Services General
Availability Announcements

Language Support Expansion for Al
Language Services

Table 9: List of unique concepts extracted across the three evaluation domains (AWS Feed, WHO DONs, and Azure Updates)
for which knowledge evolved over time. We note that our framework identified additional {2, 2, 1} concepts in {AWS, WHO
DONSs, Azure} domains, respectively; for which knowledge did not evolve over time. Izalicized concepts contribute to ~ 80% of
the generated questions per domain. Additionally, we observe that the identified concepts in each domain are distinct from one

another, indicating the efficacy of our clustering process.

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 10: 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.6.1 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.

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).
(c) Incorrect: The response is neither accurate nor
outdated. Table 11 presents the full breakdown
for all models on the open-ended QA task. The
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EXAMPLE - 1
Open-ended OA:
Question: What storage tier is supported for creating incremental snapshots of Ultra
Disk in the preview release?
Gold Answer: Standard HDD

Claude-3.5-Haiku Generated Answer:

In the preview release, Standard HDD storage tier is supported for creating
incremental snapshots of Ultra Disk in Azure. This allows users to efficiently
capture point-in-time backups of Ultra Disk volumes while utilizing the more cost-
effective Standard HDD storage for snapshot storage.

Multiple-Choice Question:

Question: Which Azure storage tier supports incremental snapshots of Ultra Disk
during the preview phase?

Options: "A": "Standard SSD" "B": "Ultra SSD" "C": "Premium SSD" “D”: “Standard HDD”
Gold Answer Option: “A”

Claude-3.5-Haiku Generated Answer: “B”

EXAMPLE - 2
Open-ended QA:
Question: What is the maximum Fault Domain count allowed when deploying specialty
VM types against a Capacity Reservation?
Gold Answer: “1"”

Claude-3.5-Haiku Generated Answer:

When deploying specialty VM types against a Capacity Reservation in Azure, the
maximum Fault Domain count is limited to 1. This means that for specialty VM types,
the Capacity Reservation will only support deployments across a single Fault Domain,
which restricts the high availability and fault tolerance options compared to
standard VM deployments.

Multiple-Choice Question:

Question: What is the maximum Fault Domain count allowed when deploying specialty
VM types against a Capacity Reservation?

Options: "A": '"4" "B": '"i" "C": "3" “p": 42"

Gold Answer Option: “B”

Claude-3.5-Haiku Generated Answer: “A”

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.

key observation is the consistently high ORR, which ~ C.2 Superseding Knowledge
confirms 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.

Table 12 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 13, we ob-
serve a significant reduction in performance in the
case of superseding knowledge, when compared
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| | | evolveQA (%) || Control Set (%)

Domain Model Family Model Acce. Ol(l(t)g:;;ed Incorrect ‘ ‘ Acc.

Claude 3.5-sonnet-v2 26.95 50.21 22.84 46.39

Anthropic Claude 3.5-sonnet-v1 229 51.33 25.77 44.41

g P Claude 3 Haiku 15.93 52.46 31.62 33.84

= Claude 3.5 Haiku 22.64 5491 2245 42.14
3

] Llama 3.1-8B-Instruct 14.44 42.89 42.67 20.33

2 Llama 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

ot Llama 4-Maverick-instruct 22.18 47.64 30.18 36.45

E OpenAl GPT-4.1-mini 22.86 54.67 22.47 41.69

P GPT-5-mini 29.62 42,94 27.44 554

Gemma Gemma3-4B-instruct 12.18 36.73 51.09 18.83

Gemma3-27B-instruct 21.82 46.18 32.0 34.71

Claude 3.5-sonnet-v2 22.95 50.27 26.78 49.82

Anthropic Claude 3.5-sonnet-v1 21.31 46.99 31.69 46.24

P Claude 3 Haiku 18.18 46.75 35.06 27.1

] Claude 3.5 Haiku 21.32 4822 30.46 41.5

'c'; Llama 3.1-8B-Instruct 17.58 34.55 47.88 16.85

=) Llam Llama 3.3-70B-Instruct 24.24 44.24 31.52 36.26

g ama Llama 4-Scout-instruct 18.72 48.82 33.0 31.58

5 Llama 4-Maverick-instruct 23.15 46.31 30.54 37.19

OpenAl GPT-4.1-mini 26.84 40.53 32.63 38.35

P GPT-5-mini 29.47 45.26 25.26 49.82

G Gemma3-4B-instruct 14.29 30.54 55.17 15.09

emma Gemma3-27B-instruct 25.12 39.41 3547 30.88

g Claude 3.5-sonnet-v2 38.41 39.07 22.52 64.09

2 Anthropic Claude 3.5-sonnet-v1 34.23 38.93 26.85 62.43

e P Claude 3 Haiku 29.41 38.97 31.62 60.69

§ Claude 3.5 Haiku 33.33 37.74 28.93 63.44

§ Llama 3.1-8B-Instruct 274 38.36 34.25 4571

o Llama 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

2 Llama 4-Maverick-instruct 33.14 37.87 28.99 59.14

g OpenAl GPT-4.1-mini 39.1 35.26 25.64 68.13

== P 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 11: 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.

against the entire evolveQA benchmark.

C.3 Providing Explicit Entity, Concept,
Attribute Context

Table 14 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. While
the absolute numbers varies due to the different
judge, even with this judge, we observe a consis-
tent pattern (illustrated in Table 15), 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 tem-
plate for concept and salient entity extraction; Fig-
ure 6 shows the prompt template for coherency
check; Figure 7 for cluster label generation; Fig-
ure 8 for redundancy check; Figures 10, 11 shows
the prompt templates for question generation; Fig-
ures 9, 12 shows the prompt templates for answer
curation.
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Additive Knowledge | Superseding Knowledge

Question Answers (all valid) \ Question Answer
How does Amazon Kendra obtain user and group through seeure s?arch tokens... How many AWS regions globally support Amazon 4
access control information for search filtering? through its p rlnc_lpal store... Kendra? 3

’ AWS SSO identity store... : 7

Table 12: 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.

| | | MCQ: Acc. (%) | Open-Ended QA: Acc. (%)
evolveQA - evolveQA -
Domain Model Family Model superseding evolveQA Control Set superseding evolveQA Control Set
knowledge knowledge

Claude 3.5-sonnet-v2 51.32 63.33 82.49 25.28 26.95 46.39

Anthropic Claude 3.5-sonnet-v1 49.81 63.33 83.47 19.78 229 44.41

E P! 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
3

H] Llama 3.1-8B-Instruct 53.7 61.84 67.53 15.56 14.44 20.33

ﬁ Llama Llama 3.3-70B-Inst. 56.42 64.99 73.78 15.95 18.53 33.13

= s Llama 4-Scout-inst. 58.54 68.32 75.35 16.72 17.09 31.78

E Llama 4-Maverick-inst. 53.66 66.3 79.51 21.95 22.18 36.45

E OpenAl GPT-4.1-mini 47.76 62.78 78.24 17.54 22.86 41.69

P GPT-5-mini 47.01 59.86 82.08 20.52 29.62 554

Gemma Gemma3-4B-inst. 42.16 52.85 58.24 11.85 12.12 18.83

emma Gemma3-27B-inst. 52.26 64.46 71.65 19.86 21.82 34.71

Claude 3.5-sonnet-v2 64.44 70.33 71.73 23.33 22.95 49.82

Anthropic Claude 3.5-sonnet-v1 63.33 70.88 78.91 18.89 21.31 46.24

P! 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 21.32 415

"g‘ Llama 3.1-8B-Inst. 56.18 63.64 60.4 19.1 17.58 16.85

=] Llama Llama 3.3-70B-Inst. 59.55 70.3 732 21.35 24.24 36.26

e Llama4-Scout-inst. 61.86 72.64 71.76 19.59 18.72 31.58

5 Llama4-Maverick-inst. 68.04 76.12 75.95 24.74 23.15 37.19

OpenAl GPT-4.1-mini 59.14 71.81 76.56 22.58 26.84 38.35

P GPT-5-mini 52.69 67.55 76.95 26.88 29.47 49.82

G i Gemma3-4B-inst. 50.52 54.73 51.53 14.43 14.29 15.09

emma Gemma3-27B-inst. 62.89 69.15 64.12 22.68 25.12 30.88

£ Claude 3.5-sonnet-v2 64.71 73.1 86.19 31.03 38.41 64.09

2 Anthropic Claude 3.5-sonnet-v1 62.35 71.72 90.61 25.88 34.23 62.43

% P! Claude 3 Haiku 62.03 66.67 81.5 24.05 29.41 60.69

2 Claude 3.5 Haiku 70.1 72.08 80.11 28.87 33.33 63.44
2

] Llama 3.1-8B-Inst. 62.79 67.36 73.14 23.26 274 45.71

E Llama Llama 3.3-70B-Inst. 61.63 68.75 83.43 32.56 39.04 59.43

a Llama 4-Scout-inst. 62.11 68.71 82.26 29.47 31.36 5591

2 Llama 4-Maverick-inst. 70.53 76.07 84.95 28.42 33.14 59.14
a

OI OpenAl GPT-4.1-mini 57.3 72.19 81.87 33.71 39.1 68.13

==} P GPT-5-mini 59.55 72.85 86.26 42.7 50.64 71.43

= G i Gemma3-4B-inst. 56.84 63.19 64.52 18.95 23.67 31.72

emma Gemma3-27B-inst. 67.37 7117 79.51 34.74 39.05 63.98

Table 13: 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.

D.2 Prompts Related to Different Knowledge
Probing Formats

Figure 13, 14 shows the prompts used for obtaining
corresponding MCQ and Verifiable QA for an open-
ended question-answer pair in evolveQA.

D.3 Evaluation Rubric (Prompt) for Model
Judge

Figure 15 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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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

Claude 3.5-sonnet-v2 26.95 31.69 323 28.4

Anthropi Claude 3.5-sonnet-v1 229 27.37 28.83 26.34

3 OPIC | Claude 3 Haiku 15.93 21.78 24.12 16.16

= Claude 3.5 Haiku 22.64 25.66 28.49 26.23
z

2 Llama 3.1-8B-Instruct 14.44 20.47 20.52 15.55

§ Llam. Llama 3.3-70B-Instruct 18.53 23.28 26.08 20.26

£ ama Llama 4-Scout-instruct 17.09 23.82 24.36 19.27

ot Llama 4-Maverick-instruct 22.18 2491 26.36 22.18

E OpenAl GPT-4.1-mini 22.86 25.84 28.83 24.25

P GPT-5-mini 29.62 34 34.19 29.82

Gemma Gemma3-4B-instruct 12.18 18.55 2091 14.36

Gemma3-27B-instruct 21.82 27.09 27.09 23.82

Claude 3.5-sonnet-v2 2295 31.15 31.15 224

Anthropic Claude 3.5-sonnet-v1 21.31 32.24 30.05 22.95

P Claude 3 Haiku 18.18 27.27 25.97 2143

] Claude 3.5 Haiku 21.32 30.96 30.96 23.35

'§_ Llama 3.1-8B-Instruct 17.58 24.24 26.67 16.36

=) Llama Llama 3.3-70B-Instruct 24.24 28.48 29.7 25.45

2 Llama 4-Scout-instruct 18.72 27.59 27.59 19.7

E Llama 4-Maverick-instruct 23.15 3251 31.53 23.65

OpenAl GPT-4.1-mini 26.84 31.58 31.58 29.47

P GPT-5-mini 29.47 3632 36.84 28.95

Gemma Gemma3-4B-instruct 14.29 21.18 20.2 15.27

g Gemma3-27B-instruct 25.12 29.06 27.09 25.12

4 Claude 3.5-sonnet-v2 38.41 39.6 4631 39.6

2 Anthropic Claude 3.5-sonnet-v1 34.23 39.6 38.93 36.91

e P! Claude 3 Haiku 29.41 30.15 33.82 31.62

g Claude 3.5 Haiku 33.33 34.59 32.7 36.48

£ Llama 3.1-8B-Instruct 274 28.08 26.03 274

=] Llama Llama 3.3-70B-Instruct 39.04 36.99 39.04 34.93

z - Llama 4-Scout-instruct 31.36 29.59 30.77 29.59

2 Llama 4-Maverick-instruct 33.14 33.14 33.14 31.95
a

0 GPT-4.1-mini 39.1 39.74 41.03 37.18

£ ‘ OpenAl ‘ GPT-5-mini ‘ 50.64 ‘ 49.36 ‘ 5321 ‘ 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 14: 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.

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
| | I Ace. Ace. || Ace. Outdated Incorrect | Acc. Outdated Incorrect
Claude 3.5-sonnet-v2 49.82 54.12 22.95 50.27 26.78 28.89 47.78 23.33
E Anthropic Claude 3.5-sonnet-v1 46.24 51.61 21.31 46.99 31.69 20.00 56.67 23.33
2 P! 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
Claude 3.5-sonnet-v2 46.39 50.92 26.95 50.21 22.84 29.43 59.62 10.94
‘g Anthropi Claude 3.5-sonnet-v1 44.41 49.65 22.90 51.33 25.77 25.94 60.90 13.16
= opie 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 5491 2245 26.79 59.29 13.93
Claude 3.5-sonnet-v2 64.09 69.61 38.41 39.07 22.52 40.00 41.18 18.82
% Anthropic Claude 3.5-sonnet-v1 62.43 64.64 34.23 38.93 26.85 42.35 40.00 17.65
= P 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 15: 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.

53884



ot and salient e extraction.

#i## Task:
You are a meticulous research analyst. Your task is to identify the **key concepts or salient topics** introduced or emphasized in the
provided document.

##H# Instructions:

- First, thoroughly analyze the document to identify its most significant topics. A topic is considered **salient*x if it represents the
document's **xcentral thesis or primary purpose.** It should be the main reason the document exists, such as a core argument, a
significant finding, a key announcement, or a central event being described. **Disregard background information, and general
statements.*x

- Identify **up to {k}*x such salient topics. It is crucial that you do not invent topics simply to meet this quota. If a document contains
only one essential point, identify only that one. If there are no salient topics, you must identify none.

- For each salient topic you identify (if any), you are required to provide the following:

- xxNormalized Concept Title:*x This title should encapsulate the main idea of the topic by omitting specific details such as names of
people, organizations, products, or specific dates and numbers. The goal is to generalize the concept to its fundamental theme,
capturing the key essence of the information presented. It should *xhighlight what is being introduced or emphasizedx*, not where
or when.

- *xSalient Entity:*x This is the primary subject associated with the identified topic. Provide its **canonical namex* to ensure it is
generalizable and consistently identifiable across different documents (e.g., use "General Data Protection Regulation” instead of
"GDPR", use "United Nations” instead of "UN Office of the High Commissioner for Refugees”).

### Strict Requirements:

- *xStrictly ensure that the identified concepts are well-grounded in the provided document.**

*xEnsure that each concept is distinct and not a repetition of another.x*x

*xEnsure each concept is salient and not a minor detail or background information.**

- xxEnsure that each entity associated with a concept is a salient entity, not a minor or peripheral mention.x*
*xEnsure that each entity is a canonical name, not an abbreviation or informal reference.*x*

### Strict JSON Output Format:

json
«
"1 {{
"normalized_title”: "insert-normalized-title-here",
"salient_entity”: "insert-entity-name-here”
33
b3

**If no salient topics are found, the value must be an empty json dict “{{}} . Do not include any other text or explanation outside of the
JSON list.*x

### Example Input Document:

The Environmental Protection Agency today issued a new regulation, 'Clean Water Mandate 2025,' which sets stricter limits on the industrial
discharge of phosphates into the nation's rivers. This rule, which takes effect in January, aims to combat the recent surge in harmful
algal blooms that have plagued major waterways. The administrator of the agency, Jane Smith, stated that the 'Clean Water Mandate
2025' is a critical step in preserving aquatic ecosystems for future generations.

### Example Output:

Jjson
i
NG
"normalized_title”: "Environmental agency issues new water quality regulation”,
"salient_entity”: "Environmental Protection Agency”
3%,
27 (L
"normalized_title": "Implementation of stricter limits on industrial phosphate discharge”,
"salient_entity”: "Clean Water Mandate 2025"
3}
3}

### Input Document:
{input_document}
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Prompt: Shows the prompt used for co-

herency check.

#HHE Task:

You are an expert at identifying thematic connections. Your
task is to analyze the provided input documents, and
determine whether **all the documentsx* are discussing
the same *xhigh-level conceptxx.

**Instructions**:

- Note that *xall the documents are from the same domainx,
but the focus is on whether they share a *precise
high-level conceptx.

- For example, if one document discusses * new feature for
data analysis is released™* and another * price
reduction for a service x, they cover different
*high-level concepts*.

*%If all the documents are about the same “high-level
concept™, then respond with a ~"yes"™ .x%

### Strict JSON Output Format:
T Json
{{"same":

<"yes"/"no">}}
*xStrictly do not output any other information.*x

### Input Documents:
{input_docs}

Prompt: Shows the prompt used for

concept-cluster label generation.

##H# Task:

Analyze the provided input documents, and come up with a
concise “title™ that accurately reflects the content of
these documents.

### Strict JSON Output Format:
T json
{{"title": "insert-title-here"}}

*%Strictly do not output any other information.**

### Input Documents:
{input_docs}

Prompt: Shows the prompt used for redun-

dancy check.

Prompt: Prompt used to check evidence

sufficiency (first step of answer generation).

#iH# Task:
You are given a ~document™ and a ~question”. Determine if the
“document™ is **relevant*x to answering the ~question”.

**Instructions:xx

1. Read the ~document™ carefully.

2. Analyze the “question” to understand what information is
being asked.

3. Check if the “document™ is **directly related** to the
“question™. It *xmust talk about the same topic*x or
provide information that can help answer the question.

4. If the “document™ contains **relevantx* information to the
“question™, respond with xxyesxx.

### Strict JSON Output Format:

"relevant”: <"yes"/"no">

13

*%Strictly do not output any other information.s**

### Input:
“*xDocumentxx~: {document_content}

“*x*%Question*x: {question}

### Task:

You are given two ~labels”. Your task is to determine if these
“labels™ are discussing the xxsamex* concepts and
should be merged.

### Strict JSON Output Format:
T json
{{"merge"”:

<"yes"/ "no">}}
*xStrictly do not output anything other information.*x
### Input:

“Label 17: {labell}
“Label 27: {label2}
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Prompt: Shows the prompt use ider olving knowledge.

### Task:
You specialize in detecting *how* knowledge changes over time. Your specific task is to determine if a set of documents exhibits **knowledge
evolutionkx.

**Knowledge evolution** refers to a meaningful change in the state of knowledge over time, where later documents *xupdate, revise, correct,
or meaningfully alterxx earlier information, such that previous understanding becomes outdated, incomplete, or less accurate. This is
distinct from a purely xxadditive change**, where new information is introduced without invalidating earlier knowledge.

You will be provided:

- An “entity”: the concrete item under discussion (e.g., Amazon EC2).

- A “concept™: the abstract topic this entity belongs to (e.g., service regional availability).

- An “attribute”: the specific discussion aspect being tracked (e.g., cost associated with the service).
- A chronological list of **representativexx “documents™, each tagged with a ~timestamp™.

Your task is to analyze the documents and determine if there is xxany evidence of knowledge evolution** with respect to the **combination of
“entity™, “concept™, and “attribute”.** Strictly focus on the intersection of these three components.

### What typically constitutes knowledge evolution:

Knowledge evolution typically involves:

- A specific **fact or value is updated** over time (e.g., revised statistics, corrected measurements).

- A recommended **method, policy, or process changes** (e.g., an older guideline is replaced by a newer one).
- A xxrenaming, redefinition, or reclassification*x of an entity or attribute.

- An earlier statement is **explicitly corrected, contradicted, or substantively refinedxx by a later document.

### What is NOT knowledge evolution:

We provide typical examples of what does **notxx constitute knowledge evolution below:

- xxPurely additive changes.*x For example, if a *xpreviously unavailable feature becomes availablex*x. This represents a new addition,
*xnotx* a knowledge evolution that invalidates earlier information.

- xxStable knowledge**, where later documents do not conflict with, revise, or meaningfully change earlier statements.

### Strict Requirement:
**If knowledge evolution is observed, return "yes"”. Otherwise, return "no”.xx

### Strict JSON Output Format:
**If you determine knowledge evolution exists, return:**
T json
i
"evolving_knowledge"”: "yes",
"reasoning”: "A concise explanation of how the knowledge evolved over time. Clearly state what the earlier understanding was and how later
documents updated, corrected, or revised it. The reasoning must be strictly grounded in the provided documents.”
3
*xIf you cannot determine any superseding fact, return:*x
T*"Json
i
"evolving_knowledge": "no
"reasoning”: "No knowledge evolution was found. The knowledge is either stable or the evolution is purely additive.”

b33

oo

**Strictly do not output any other information.**

### Input:

“Entity”: {ent_name}

“Concept™: {concept_name}

“Attribute”: {attribute_name}

“Representative Documents™ with timestamp:\n{document_chunks_with_timestamps}
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Prompt: Question Generation prompt template

### Follow-Up Task:
Evolving knowledge has been detected. Your task is to generate a single, **well-groundedxx question that probes a *xspecific point of
knowledge whose value or state has been updated or superseded over time.*x

### Core Principle:
Your goal is to frame a question where **multiple documents could provide an answer, but their answers conflict or are outdated.xx The most
recent document must provide the definitive, correct answer that supersedes all previous ones.

### Strict Requirements:

- The question must be **strictly grounded in the provided “entity, ~concept™, and ~attribute xx.

- It must **strictly target a single, specific point of knowledge.**

- It must be **precise and unambiguous#*#*.

- Do **not** include temporal information such as “month™, “year™, or “time period™ in the question.
- Do **not*x ask trivial questions. For instance, "What verb is used in describing ...". It is trivial and does not capture any
meaningful change in knowledge.

- Strictly **ensure** that the question does **notx* elicit a list of knowledge or features. For instance, do **notxx ask "What types of
changes have been made to the service?”. Here, the user is expected to list a few changes or all changes, which is x*strictly
prohibitedx*. Instead, focus on a *xspecific change** that has occurred. Another *xbad examplexx is "In which regions is the service
now available?”. Again, xxthis is a list question and strictly prohibited.*xx

### Framing Hints:
- xxLook for replacements, not just knowledge additions.xx Search for facts or values that are explicitly changed or made obsolete by newer
documents.
- *xTo help you identify these, look for common patterns of superseding knowledge. Typical examples include:xx
- **A numerical valuexx, like a limit, size, count, or other key metric.
- A xxrecommended process or standardx*, where a new method replaces an old one.
- A xxformal name or title** that is officially changed or rebranded.
- An **official status or classification**, like a rating, phase, or category.
- **The ideal question is one that would cause a user to be wrong if they only had access to the older documents.*x

### Strict JSON Output Format:
T json
«
"question”: "insert your question here"”,
"reasoning”: "A brief explanation of why this question probes evolving knowledge. Specifically state what the old answer would be and what
the new, correct answer is, and why this represents a superseding change.”

3
*xIf you cannot frame a question that meets the Core Principle, return empty strings:*x:
T json
i
"question”: "",
"reasoning”: "No question could be framed because the documents only show knowledge being added (like items to a list) rather than
knowledge being updated or superseded.”
b3

**Strictly do not output anything else.**

53888




r Generation prompt.

#i## Task:

Your goal is to synthesize a final, comprehensive answer to a given question based on multiple responses from different sources.
Each answer includes:

- An “id®

- A “timestamp”

- The ~answer_text~

- Some “Additional Context from Document™ (for reference)

These answers are ordered by timestamp in **descending orderxx (i.e., most recent first).

### Instructions:
1. *xUnderstand the Question**: Carefully read the question to identify the key information being asked.

2. xxAnalyze All Answersxx: Consider both the content and timestamp of each answer. Determine which answers provide up-to-date, and relevant
information.

3. **Handle Temporal Evolution Thoughtfully*x:
- If newer answers clearly correct or replace earlier ones, prioritize the most recent valid information.
- However, if earlier answers provide **complementary or still-relevant information** that has not been explicitly invalidated, include
them as well.
- Avoid discarding older responses **unless** they are clearly outdated, incorrect, or contradicted by newer ones.
4. xxSynthesize the Final Answerxx:
- Write a concise and coherent response that reflects the most accurate answer to the question.
- Use only relevant content.
- In some cases, a single recent answer may be sufficient. In others, multiple answers may need to be combined to fully answer the
question.
5. xxExclude outdated or irrelevant answersxx if their information is no longer valid or is contradicted by newer responses.
6. *xGround Your Answerxx: Ensure your final synthesized answer is *xgrounded in the provided source answersxx. Do not add any information
not present in the source answers.

### Strict JSON Output Format:

T json

i

"final_answer”: <"Your synthesized answer to the question”>,
"answer_ids": <[list of **ALL** answer ids used in synthesis]>,
13

**Strictly do not output any other information.**

### Input:
“#*Questionxx™: {question}

“xxAnswers (most recent first)xx™:
{answers}
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mpt used for obtaining corresponding MCQ format — ion.

### Task:

You are given the following inputs:

- A “question”: A natural language query that tests specific knowledge.

- A “gold_answer™: The correct answer to that question.

- A list of “distractor_chunks™ (numbered 1-4): These are pieces of related but **misleading** information. You will use them to create
**plausible but incorrect** answer choices (called distractors). These distractors must be hard-to-guess and grounded in the provided
chunks.

Your goal is to construct a *x4-option multiple-choice question (MCQ)** using these inputs.

##HF xxStrict** Guidelines:
1. **Knowledge Equivalencexx:
- The MCQ must test the xxsame knowledge** as the original ~question”.
- You may rephrase the question, but you **must not** change its intent or focus.
2. *xCorrect Answer Usagexx:
- Use the provided “gold_answer™ as the **only correct answer#.
3. *xTimeline Constraint - No Explicit Dates#*:
- Do **not*x include any explicit dates, months, or years (e.g., “May 2023”, “in June”, “2022”) in the generated MCQ question.
- Strictly ensure that the question remains very *xspecific, concise, and unambiguous*#.
4. xxClarity and Precision Requirement##:
- The MCQ *xquestion itself** must be:
- *xSpecific** - Ask about a clearly defined piece of knowledge as the original question
- *xConcisex* - Avoid unnecessary words or complexity as the original question
- *xxUnambiguous** - Have x*only one** reasonable interpretation
- If the question violates this, return the fallback format instead.
5. *xDistractor Constructionxx:
- Construct **three incorrect answer optionsxx (distractors) using content *xonly from the ~distractor_chunks™ *x.
- Each distractor must be:
- Plausible (not obviously wrong),
- Clearly incorrect,
- xxWell-Grounded** in the corresponding chunk.
6. **Chunk Mapping Requirementxx:
- For each distractor (A, B, C, or D), indicate *xwhich “distractor_chunk™ (1-4)x* it was based on.
- Use the “used_chunks_for_distractors™ dictionary to record this mapping.
- For example: “"1": "B"" means distractor B was created using distractor chunk 1.
- The correct option (matching the gold answer) should not have a mapped chunk.
7. *xSpecial Case - Add One Extra Numeric Distractorx*:
- If the question elicits a **numeric answerx* (e.g., involving terms like “highest™, “most™, ~longest™, “maximum™, “recent™, ~lowest™,
etc.):
- You **must** generate x*one additional numeric distractor** that:
- Is xxgreater** than the value in the ~gold_answer™
- Retains the same **unit or measurement** (e.g., "days”, "kilometers”, "%")
- Store this value in an additional field called ~"additional_distractor”".
- This field is *xoptional** —it should only be included x*only if** the rule applies (when the question elicits a numeric answer).
- Do **notxx insert this distractor into the main options A-D.
8. **Fallback Behaviorxx:
- If you cannot generate a valid MCQ, return the fallback JSON structure with all fields empty.

### Required JSON Output Format:
If a valid MCQ **is successfully created*x:

json

i«
"mcq_question”: "Your multiple-choice question here"”,
"options”: {{

"A": "Option A text”, "B": "Option B text”, "C": "Option C text”, "D": "Option D text”
}}, "gold_answer_option”: "A", "used_chunks_for_distractors”: {{"2": "C", "3": "B", "4": "D"}},
"additional_distractor”: "insert numeric distractor here (if applicable)”}}

*xStrictly do not output any other information*x.

##HH# Fallback Output Format (if no MCQ possible):
T json
i
"mcq_question”:
"options”: {{
"A": ”", "B": ”", "c": "", "D "
}}, "gold_answer_option”: "", "used_chunks_for_distractors”: {{}}, "additional_distractor”: ""}}

**Strictly do not output any other information*x.

### Input:

“Question™: {question}

“Gold_Answer™: {answer}
“Distractor_Chunks™: {distractor_chunks}
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Verifiable QA for an open-ended que

### Task:

You are given two inputs:

- A “question”: A natural language query that tests factual knowledge.
- An “answer™: The correct answer to that question.

Your goal is to create **two questions - a 'yes' question and a 'no' eliciting questionxx, by embedding the answer directly into the
question (if possible). These questions should be verifiable as either *xtruexx or *xfalsexx.

### Strict Instructions:
1. **Answer Embeddingxx:
- Try to rewrite the input question by **embedding the provided answerxx directly into the question text. This creates a fact-like
question.
- Example:
- Example Input:
- “question™: What city is the capital of Canada?
- Tanswer”: Ottawa
- Example Output 1:
- “yes_question: Is Ottawa the capital of Canada?
- “no_question”: Is Toronto the capital of Canada?
- Example Output 2:
- “yes_question”: Ottawa is the capital of Canada. Is this correct?
- “no_question”: Ottawa is not the capital of Canada. Is this correct?
- *xxGenerate the following two Versionsxx:
- “yes_question®: A 'yes' response eliciting version.
- “no_question™: A 'no' response eliciting version. It must be a plausible alternative that is **not truexx based on the original
question and answer.

2. **xKnowledge Equivalencexx:
- Both question versions must test the **exact same knowledge** as the original ~question”.
- You may rephrase the question, but you **must strictly notxx change its intent or focus.

3. *xClarity and Precision Requirement##:
- The generated **questions themselvesx* must be:
- *xSpecific** - Ask clearly defined piece of knowledge as the original question
- *xConcisex* - Avoid unnecessary words or complexity as the original question
- x*Unambiguous** - Have **only onex** reasonable interpretation
- If the question violates this, return the fallback format instead.

4. xxTimeline Constraint - No Explicit Dates*:

- Do **notxx include any explicit dates, months, or years (e.g., “May 2023”, “in June”, “2022”) in the generated questions.
- Strictly ensure that the question remains very *xspecific, concise, and unambiguous#x.
- Example:

- Example Input:

- “question™: What is the primary storage mechanism for Azure Blob backups in Azure Backup?

- “answer”: As of the most recent update (March 2023), the primary storage mechanism for Azure Blob backups in Azure Backup is a
vault, which is a logical entity that stores the backups and recovery points created over time. This represents a change from
the earlier approach (prior to 2023) where backup data was stored locally within the source storage account itself.

- *xValid Output:xx

- “yes_question: Is a vault the primary storage mechanism for Azure Blob backups in Azure Backup?

- Note that the “yes_question™ does not include any explicit dates or months. It tests the *xsame knowledgex* as the original question
without introducing any new facts or assumptions. It is also **specific, concise, and unambiguousxx.

- *xInvalid Output:**
- “yes_question™: Is a vault the primary storage mechanism for Azure Blob backups in Azure Backup as of March 2023?

5. **xFallback Behaviorxx:
- If you cannot rephrase the original question to include the answer naturally, strictly leave both “yes_question™ and “no_question™ as
empty strings.
- If the generated questions violate any of the above rules, strictly leave both “yes_question™ and “no_question™ as empty strings.

### Strict JSON Response Format:
*xIf a valid verifiable question pair is successfully created*x, strictly return the following JSON:
T json
i«
"yes_question”: "Embedded yes-question here”,
"no_question”: "Embedded no-question here”,
"evidence"”: "Explain how these questions are grounded in the original question and answer. Provide reasoning for knowledge equivalence,
timeline constraints, and ambiguity requirements."”
3
**If no valid verifiable questions can be createdxx, return:
T json
i
"yes_question”:
"no_question”:
"evidence"”: "Explain why no valid verifiable questions could be created, such as inability to embed the answer naturally or violation of
clarity/precision requirements.”

wn
B

i
,

i3}

*#%xStrictly do not output any other informationx.

### Input:
“Question™: {question}
“Answer”: {answer}
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Prompt: Shows the evaluation rubric used by Claude Sonnet 4 (judge) to evaluate response

open-ended responses from LLMs on evolveQA.

##H# Task:

You are an expert judge. Your task is to evaluate a model's ~Generated Answer™ against a definitive ~Gold Answer™. You must determine if the
“Generated Answer™ correctly states the single, most authoritative, time-sensitive fact, as defined by the provided context and the
“gold answer™.

### Critical Context and Role of Inputs:

- *%7Gold Answer **: This is the **absolute ground truthxx. It contains the most recent and authoritative fact. Your primary goal is to
check if the generated answer aligns with the core evolving fact in this answer.

- *x~Question **: This tells you what is the exact knowledge that should be elicited from the model. It is intended to elicit a specific,
time-evolving fact.

- *x Evolving Answers”#*: This is your additional *xfocusing toolx*. Analyze this list along with the ** Question”** to pinpoint *what
specific fact* is changing over time. This coupled with the “Question™ tells you what knowledge to look for in the ~Generated Answer™
and the ~Gold Answer™.

- xx~Generated Answer #%: The text to be judged for accuracy against the ~Gold Answer-.

##H# Verdict Rubric:

- **xCORRECT_AND_CURRENT*x: The generated answer correctly states the most recent, authoritative fact as found in the ~Gold Answer-.

- *xOUTDATED**: The generated answer states a fact that is not the current one, but *doesx match an older fact from the “Evolving Answers”
list.

- **INCORRECT**: The generated answer states a fact that is neither the current authoritative fact nor a previously correct one.

### Step-by-Step Evaluation Process:
You **must** follow these steps precisely to form your judgment.

1. **Prior Context*x: Analyze the given **entity**, xxconcept**, and **attribute** to obtain the *xbasicx* context associated with the
“Question™.

2. *xUnderstand the ~Question™*x: Analyze the “Question™ to determine what specific fact it is asking about. This fact typically relates to
an evolving piece of information.

3. xxIdentify and isolate the evolving fact from the ~gold answer™ and ~generated answer”:** Analyze the provided “Evolving Answers™ (along
with the **timestampxx) to determine the **exact evolving fact** that the ~Question is asking for. This will help you to understand
what exactly to look for in the ~Gold Answer™ and the ~Generated Answer™ (with respect to the ~Question™).

4. xxClassify and Justify:** Based on the detailed analysis from the previous steps, classify the ~Generated Answer™ into one of the three
verdicts:

- Compare the isolated evolving fact (from step 3) from ~Generated Answer™ to the isolated evolving fact in the ~Gold Answer™ that is
relevant to the “Question™. If they match, the verdict is **CORRECT_AND_CURRENT*x.
- If they do not match, check if the isolated fact from the ~Generated Answer™ matches any of the older values in the “Evolving Answers”.
If it does, the verdict is **OUTDATED*x.
- If it matches neither, or if the fact was missing, the verdict is **INCORRECT**.
5. *%xFormulate Rationale:*x Your rationale must clearly **explain** your reasoning for the verdict.

### Strict JSON Response Format:
T json
«
"verdict”: "CORRECT_AND_CURRENT | OUTDATED | INCORRECT",
"rationale”: {{
"isolated evolving fact from gold answer”: "The specific information that is changing.”,
"classification_reasoning”: "A brief explanation for the verdict.”,
3
3}

*xStrictly do not output any other information beyond the JSON.x*

### Input:

“Question™: {question}

“Gold Answer™: {gold_answer}
“Generated Answer: {generated_answer}
TEntity™: {entity}

“Concept™: {concept}

TAttribute”: {attribute}

“Evolving Answers™: {evolving_answers}

53892




pt: Prompt used for validating if the answer really evolves over time.

### Task:
You specialize in detecting xhowx knowledge changes over time. Your specific task is to determine if a set of “answers™ to a particular
“question” exhibits *xknowledge evolutionxx.

*xKnowledge evolution*x refers to a meaningful change in the state of knowledge over time, where later information xxupdates, revises,
corrects, or meaningfully alters** what was previously stated, such that earlier information becomes outdated, incomplete, or less
accurate.

You will be provided:
- A “question”
- A chronological list of ~answers™ for that ~question™, each associated with a ~timestamp”

Your task is to analyze the “answers™ and determine if there is **any evidence of knowledge evolution** with respect to the ~“question™.
**Strictly focus on the provided information — question™, “answers™, and their ~timestamps™.**

### What typically constitutes knowledge evolution:

Knowledge evolution typically involves a substantive update or shift in understanding across answers. Examples include:

- A specific **fact or value is updated** over time (e.g., revised statistics, corrected measurements).

- A recommended **method, guideline, or practice changes** (e.g., an older recommendation is replaced by a newer one).

- A xxreframing, renaming, or reclassification** of an entity (e.g., a system, policy, or concept is renamed or redefined).
- An earlier statement is **xexplicitly corrected, contradicted, or refinedxx by later information.

### What is NOT knowledge evolution:
We provide a typical example of what does **notxx constitute knowledge evolution below:
- *xStable or consistent knowledge over timexx, where later answers do not conflict with, revise, or meaningfully extend earlier ones.

### Strict Requirement:
**If knowledge evolution is observed, return "yes"”. Otherwise, return "no”.xx

### Strict JSON Output Format:
**xIf you determine knowledge evolution exists, return:**
T json
i
"evolving_knowledge"”: "yes",
"reasoning”: "A concise explanation of how the knowledge evolved over time. Clearly state what the earlier understanding was and how later
answers updated, corrected, or revised it. The reasoning must be strictly grounded in the provided answers and timestamps.”
3
*xIf you cannot determine any superseding fact, return:*x
T*"Json
i
"evolving_knowledge": "no
"reasoning”: "No knowledge evolution was found.”

b33

oo

**Strictly do not output any other information.**

### Input:
“Question”: {question_text}
A List of “Answers™ with timestamp:\n{answers_with_timestamps}
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