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Abstract

Real-world knowledge bases evolve over time
and accumulate outdated statements, contradic-
tions, and misinformation. LLMs have been
reported to be vulnerable to such inconsistent
contexts. In this paper, we propose Proposition-
Structured RAG (ProStruct-RAG), a frame-
work that continuously structures evolving and
inconsistent external knowledge bases using
timestamped propositions and inter-proposition
relations. ProStruct-RAG represents a docu-
ment collection as a graph whose nodes are
propositions and whose edges capture tempo-
ral updates, contradictions, and support rela-
tions, retrieves query-relevant knowledge as
a relational structure, and uses it for answer
generation in RAG. Experiments on multiple
open-book temporal QA benchmarks show that
ProStruct-RAG outperforms baselines that do
not use inter-proposition relations, suggesting
that RAG over evolving and inconsistent knowl-
edge benefits from organizing external knowl-
edge before retrieval, rather than relying solely
on inference-time reasoning. We release our
code and Asteria, a new fictional temporal QA
dataset designed to mitigate data contamina-
tion.1

1 Introduction

The internal knowledge of Large Language Models
(LLMs) inevitably becomes outdated. To address
this problem, continual fine-tuning (Dhingra et al.,
2022; Jang et al., 2022; Zheng et al., 2025) and
localized parameter editing (De Cao et al., 2021;
Mitchell et al., 2022; Xu et al., 2025b; Shi et al.,
2025; Wang et al., 2025) have been proposed to
update the internal knowledge. However, because
these methods repeatedly update model parameters,
they are prone to catastrophic forgetting and make
it difficult to maintain long-term knowledge con-
sistency (Onoe et al., 2023; Gekhman et al., 2024;
Niu et al., 2025). Retrieval-Augmented Generation

1https://github.com/norikinishida/kapipe

(RAG), which retrieves an external knowledge base
at inference time to generate evidence-grounded
answers, has therefore been widely adopted (Lewis
et al., 2020; Izacard et al., 2023; Laitenberger et al.,
2025).

However, external knowledge bases are not al-
ways static and consistent. They continuously
evolve and are often accumulated in an unorga-
nized form, containing temporally outdated state-
ments, mutually conflicting claims, and unreliable
content. Recent efforts on long-context modeling,
reasoning-enhanced LLMs, and agentic systems
aim to let LLMs integrate information and resolve
contradictions from such inconsistent contexts at
inference time (Li et al., 2024; Du et al., 2025; An
et al., 2025). However, LLMs have been reported
to be vulnerable to contexts that mix temporal up-
dates, contradictions, and misinformation (Ouyang
et al., 2025; Hou et al., 2024).

To address this challenge, prior work has or-
ganized external knowledge before retrieval. For
example, Ge et al. (2025) showed that tempo-
rally organizing multi-session dialogues as time-
lines improves memory retrieval and reasoning. Li
et al. (2025) decomposed documents into propo-
sitions (Chen et al., 2024; Liu et al., 2025) and
dynamically labeled their truthfulness. However,
these methods organize knowledge as collections
of facts, without explicitly modeling rich relations
between them. Although other work structures
knowledge through entity relations (Edge et al.,
2024; Han et al., 2025; Nishida et al., 2026), tem-
poral updates, contradictions, and support arise
between individual facts rather than entities. This
distinction is important because temporal validity
and misinformation are not properties of isolated
propositions alone.

In this paper, we aim to continually organize
evolving and inconsistent external knowledge bases
through relations between propositions. Our goal
is to examine whether part of the burden of in-
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tegrating such knowledge can be shifted from
inference-time reasoning to pre-retrieval knowl-
edge organization. Our core hypothesis is that
explicit inter-proposition relations help LLMs inte-
grate evidence and resolve temporal updates, con-
tradictions, and misinformation. Specifically, we
propose Proposition-Structured RAG (ProStruct-
RAG), which represents external knowledge as a
set of timestamped propositions and structures it
through inter-proposition relations. First, we ex-
tract concise propositions from a document col-
lection and assign each proposition a timestamp
based on the publication date of its source docu-
ment. Next, we identify updates, contradicts,
and supports relations between propositions and
construct a proposition graph. At inference time,
we retrieve a query-specific subgraph relevant to
the user question. Finally, we convert the retrieved
query-specific subgraph into a structured context,
and the QA model generates the final answer.

We evaluate ProStruct-RAG on open-book tem-
poral QA benchmarks, where answers can change
with the target time and models must interpret re-
trieved knowledge under temporal updates and con-
tradictions. Our results show that proposition de-
composition alone does not consistently improve
performance, while adding temporal information
yields substantial gains. Making temporal update,
contradiction, and support relations explicit fur-
ther improves overall performance, surpassing all
baselines on average. These results indicate that
RAG over evolving, inconsistent knowledge ben-
efits from organizing external knowledge through
inter-proposition relations before retrieval, rather
than leaving integration and contradiction resolu-
tion entirely to inference-time reasoning.

2 Related Work

Long-Context RAG for Knowledge Obsoles-
cence. LLMs store factual knowledge internally,
but it inevitably becomes outdated, degrading per-
formance on time-sensitive tasks (Hu et al., 2025;
Song et al., 2025; Gekhman et al., 2025; Luu et al.,
2022). Continual fine-tuning and parameter edit-
ing update such knowledge (Dhingra et al., 2022;
Jang et al., 2022; Zheng et al., 2025; De Cao et al.,
2021; Mitchell et al., 2022; Xu et al., 2025b; Sun
et al., 2025; Shi et al., 2025; Wang et al., 2025), but
suffer from catastrophic forgetting and poor tem-
poral or relational consistency (Onoe et al., 2023;
Gekhman et al., 2024; Niu et al., 2025). Retrieval-

Augmented Generation (RAG) addresses outdated
or incomplete internal knowledge by consulting
external sources (Lewis et al., 2020; Izacard et al.,
2023; Laitenberger et al., 2025), but errors often
stem from missing or noisy evidence (Yang et al.,
2024; Leto et al., 2024). While long-context mod-
els can outperform standard RAG (Li et al., 2024),
simply increasing context length can even degrade
reasoning performance (Goldman et al., 2024; Bai
et al., 2025; Gupta et al., 2025; Du et al., 2025; An
et al., 2025). These findings motivate approaches
that structure long-context information rather than
relying on unstructured context expansion.

Knowledge Organization for RAG. Prior work
shows that RAG systems and LLMs are vulnerable
to temporally evolving facts, conflicting evidence,
and false information (Hou et al., 2024; Ouyang
et al., 2025; Tan et al., 2023). To address temporal
change, several benchmarks and methods organize
knowledge along timelines (Kasai et al., 2023; Zhu
et al., 2025), while others maintain truthfulness
labels for each fact (Li et al., 2025) or dynamic
representations such as temporal knowledge graphs
and time-aware memories (Lu et al., 2024; Ge et al.,
2025). However, these phenomena are typically
studied in isolation, despite frequently co-occurring
in practice. In contrast, this work enables unified
evaluation and modeling of their interactions within
a single framework.

Proposition-based RAG and Context Enrich-
ment. Related work explores the appropriate unit
of knowledge and retrieval granularity, including
proposition-level retrieval (Chen et al., 2024), struc-
tural expansion of retrieved units (Tao et al., 2025),
and fact extraction pipelines tailored for verifica-
tion (Liu et al., 2025). Other studies revisit retrieval
objectives, arguing that semantic similarity alone
is insufficient and proposing retrievers optimized
for downstream utility (Xu et al., 2025c,a). Sev-
eral approaches also enrich prompts with supple-
mentary information, such as timestamps (Kasai
et al., 2023; Zhu et al., 2025) or hypothetical re-
trieval scenarios (Lee et al., 2025). While these
methods improve retrieval granularity, selection
criteria, or contextual richness, they largely treat
retrieved knowledge as independent units. Combin-
ing proposition-level retrieval (Chen et al., 2024)
with timestamp information (Kasai et al., 2023;
Zhu et al., 2025) follows this design: time informa-
tion is attached to individual propositions, while
their temporal and logical relationships remain im-
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Figure 1: Overview of the proposed ProStruct-RAG framework. ProStruct-RAG is designed to continuously organize
evolving and potentially inconsistent external knowledge for retrieval-augmented generation by representing
documents as timestamped propositions, explicitly modeling inter-proposition relations, and retrieving compact,
relation-aware subgraphs to support robust temporal reasoning.

plicit. In contrast, ProStruct-RAG explicitly or-
ganizes propositions through updates, contradicts,
and supports relations before retrieval, and uses the
resulting structure both for neighborhood-based re-
trieval expansion and for constructing the context
presented to the QA model. Our experiments di-
rectly compare these settings to examine whether
pre-retrieval relational organization provides bene-
fits beyond proposition decomposition and times-
tamps alone.

3 Methods

ProStruct-RAG aims to continually organize an
evolving and inconsistent external knowledge base
into a graph of timestamped propositions and inter-
proposition relations. At inference time, it retrieves
and presents relevant knowledge as a relational
structure, enabling LLMs to better integrate infor-
mation and resolve temporal updates, contradic-
tions, and misinformation.

Figure 1 shows the framework overview.
ProStruct-RAG has four steps: Proposition Ex-
traction decomposes documents into concise, self-
contained propositions with temporal information;
Inter-Proposition Relation Extraction identifies

updates, contradictions, and support relations to
build a proposition graph; Subgraph Retrieval re-
trieves question-relevant anchor propositions and
expands them to a query-specific subgraph with
neighboring propositions and relations; and An-
swer Generation linearizes the subgraph into struc-
tured textual context for the QA model. The first
two steps are performed offline, while retrieval and
generation are performed at inference time.

3.1 Proposition Extraction
Definition of propositions. A proposition is a
concise, self-contained mention of a fact, used
as the minimal knowledge unit in ProStruct-RAG.
Context-dependent expressions such as pronouns
are replaced with their corresponding entities so
that each proposition can be interpreted indepen-
dently. Each proposition is assigned a timestamp in
the YYYY-MM-DD format, using the publication date
of its source document.2 This timestamp is used in
downstream steps.

2An alternative is to use the time when the described fact
became true, or the period during which it remained true.
While more direct, this information is often unavailable in
real-world documents and difficult to define for temporally
invariant facts. We therefore use source publication dates,
which can be obtained stably from document collections.

6751



Relation Definition

updates A temporal update relation where
the subject partially or fully up-
dates the object. The subject rep-
resents a newer state, while the
object represents previously valid
information that has since been
updated.

contradicts The subject and object make mu-
tually incompatible claims about
the same state, so both cannot be
true simultaneously.

supports The subject provides evidence, a
reason, or a premise supporting
the claim made by the object.

NOREL Assigned when there is no clear
logical relation between the sub-
ject and object, including mere
paraphrases or redundant infor-
mation.

Table 1: Definition of inter-proposition relation labels.

Extraction procedure. We use an LLM to ex-
tract propositions from the document collection.
For each document, the LLM generates multiple
concise, self-contained propositions in a single
pass, guided by a small set of manually annotated
examples. Each proposition inherits the timestamp
of its source document. We apply this process
to all documents and aggregate the outputs into
the proposition collection used in subsequent steps.
The prompt template used for proposition extrac-
tion is provided in Appendix A.

3.2 Inter-Proposition Relation Extraction

Definition of inter-proposition relations. Exist-
ing methods often assign factuality labels to propo-
sitions independently. In contrast, we represent
factuality through inter-proposition relations, mod-
eling whether a proposition updates, contradicts,
or supports another proposition. We define inter-
proposition relations as directed: the subject (head)
is a temporally newer proposition, and the object
(tail) is from the same or an earlier time. This
constraint captures how newer information updates,
contradicts, or supports existing knowledge. Ta-
ble 1 shows the four relation classes.

Extraction procedure. Classifying all proposi-
tion pairs is inefficient, so we first retrieve candi-
date pairs likely to have relations. For each propo-
sition, treated as the subject, we retrieve the top

20 semantically related propositions with the same
or earlier timestamps as object candidates using
an off-the-shelf dense retriever.3 This limits subse-
quent classification to likely relation pairs.

Then, for each candidate pair, an LLM classifies
the relation as one of the four classes in Table 1:
updates, contradicts, supports, or NOREL. For
efficiency, candidate pairs sharing the same subject
are grouped into a single prompt and classified in
batch. As in proposition extraction, we use few-
shot examples covering all relation classes.

To improve relation quality, we further refine
pairs initially labeled as relations, i.e., labels other
than NOREL. A stronger LLM re-evaluates each pair,
removes pairs relabeled as NOREL, and updates rela-
tion labels when necessary. As before, we provide
few-shot examples and explicit decision criteria for
each label. The prompt templates used for inter-
proposition relation classification and refinement
are provided in Appendix A.

Proposition graph construction. We construct
a proposition graph G = (V, E), where each node
v ∈ V is a proposition and each directed edge
e ∈ E is an inter-proposition relation from a subject
to an object proposition.

3.3 Subgraph Retrieval
At inference time, given a question, we retrieve
relevant knowledge from the proposition graph as a
relational structure. The goal is to retrieve not only
question-relevant propositions, but also their rela-
tions to other propositions, such as updates, con-
tradictions, and support. This provides the LLM
with structured external knowledge rather than an
unorganized set of propositions. Specifically, sub-
graph retrieval consists of two stages: (1) dense
retrieval of question-relevant anchor propositions,
followed by (2) one-hop expansion over the propo-
sition graph.

Specifically, we first retrieve the top-k proposi-
tion nodes relevant to question q using an off-the-
shelf dense retriever, and denote them as anchor
nodes Aq. These anchors serve as starting points
for subgraph expansion. Here, k denotes the num-
ber of anchor propositions retrieved before expan-

3Here, 20 is a fixed candidate budget used for relation
extraction across all datasets. This choice is based on the
intuition that a proposition is unlikely to be directly updated,
contradicted, or supported by a large number of other proposi-
tions. The candidate budget restricts relation classification to
semantically plausible pairs rather than considering all possi-
ble proposition pairs, and we do not tune it separately for each
dataset.
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sion, rather than the total number of propositions
in the resulting subgraph.

For each anchor node, we retrieve neighboring
nodes connected by either outgoing or incoming
edges. Thus, we include both propositions that
the anchor updates, contradicts, or supports, and
propositions that update, contradict, or support the
anchor. We merge the anchor and neighboring
nodes to obtain the query-specific node set Vq.

Finally, we collect edges whose subject and ob-
ject are both in Vq, yielding the query-specific edge
set Eq. The resulting query-specific subgraph is
Gq = (Vq, Eq). Therefore, Gq is the subgraph
induced by the anchor nodes and their one-hop
incoming and outgoing neighbors.

3.4 Answer Generation
Structured context construction. Since a stan-
dard QA model cannot directly consume the
retrieved query-specific subgraph Gq, we con-
vert it into a structured textual context Cq =
Contextualize(Vq, Eq). This context verbalizes
both proposition content and inter-proposition re-
lations in a QA-model-readable form. Specifically,
the instance-specific temporal and structural infor-
mation is contained in Cq: each proposition in-
cludes its timestamp, statement, and incoming and
outgoing relations to other retrieved propositions.
The response-generation instructions are shared
across questions and specify how the QA model
should use these temporal and relational cues in the
retrieved context.

Globally, we sort proposition nodes in chrono-
logical order to show how external knowledge
changed over time. Locally, we verbalize each
proposition as a textual item, as illustrated in Fig-
ure 2. Each item contains the proposition ID, times-
tamp, statement, and its inter-proposition relations.
Proposition IDs are assigned after chronological
sorting, enabling consistent references within the
structured context. Relations are verbalized in nat-
ural language rather than as mechanical edge la-
bels. For example, an updates relation specifies
both its direction, i.e., whether the current propo-
sition updates or is updated by another proposi-
tion, and the counterpart proposition. We verbalize
contradicts and supports relations in the same
direction-aware manner. This lets the QA model
interpret each proposition within its temporal and
logical context, rather than as an isolated sentence.4

4We intentionally use a simple deterministic linearization
to isolate the effect of pre-structuring evolving knowledge

[P122]
Date: 2021-09-16
Statement: Anne-Marie Trevelyan is back in the
Cabinet.
Relations:
- This statement updates the following earlier
propositions: P104 (2021-09-01), P107
(2021-09-11)
- This statement is updated by the following
later propositions: P151 (2021-10-01), P593
(2022-09-01)
- This statement is supported by the following
later propositions: P513 (2022-09-01)

Figure 2: Illustration of how a structured proposition
and its inter-proposition relations are verbalized into
text and provided to the QA model.

Answer generation. Finally, we input the ques-
tion q, structured context Cq, and generation in-
structions into the QA model to produce the an-
swer: a = QA(q, Cq). We prompt the model to
generate a rationale before the final answer, encour-
aging it to explicitly use the retrieved propositions
and inter-proposition relations.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate our method on open-book
temporal QA benchmarks. Each dataset consists
of a temporally annotated knowledge corpus and
QA pairs. To make the target time explicit, each
question is given to the QA model as “{question}
(Date: {timestamp})”. These benchmarks re-
quire models to answer questions whose correct
answers can change with the target time; thus, mod-
els must not only retrieve relevant knowledge, but
also interpret how it evolves over time. Specifi-
cally, we use the following datasets: (1) CLARK-
News (Li et al., 2025) is a temporal QA bench-
mark constructed from real web articles. We use
only QA pairs whose answer changes at least three
times for the same question text, and remove cases
with multiple correct answers at the same time
point. (2) StreamingQA (Liška et al., 2022) is
a temporal open-domain QA benchmark in which
questions are grounded in dates and answered us-
ing timestamped news articles spanning 14 years.
We randomly sample 200 QA pairs from its test
split. (3) Asteria is an open-book temporal QA
dataset based on a fictional world, which we con-

from that of additional graph-native search or reasoning mech-
anisms.
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Dataset # Questions Corpus Size

CLARK-News (Li et al., 2025) 193 1,161
StreamingQA (Liška et al., 2022) 200 2,180
Asteria (ours) 180 396

Table 2: Statistics of the datasets in our experiments.

struct in this study. Because CLARK-News and
StreamingQA are built from real web articles, eval-
uated LLMs may have seen the same or similar
articles, questions, or answers during pretraining,
raising data contamination concerns. To avoid this
issue, we automatically construct a fictional exter-
nal knowledge base about people, organizations,
and events. Specifically, we create a timeline of
events in a fictional world and use statements at
each time point as the external knowledge base.
The knowledge base deliberately includes temporal
updates, contradictions, and misinformation. We
then construct QA instances whose correct answers
change at least three times over time. Details of the
Asteria construction procedure and examples are
provided in Appendix B. Table 2 summarizes the
statistics of the three datasets.

Evaluation Metrics. We formulate each dataset
as a multiple-choice QA task and use accuracy as
the evaluation metric. This follows recent open-
book QA benchmarks that evaluate whether mod-
els select the correct option, rather than relying
on exact match over free-form generations. For
example, LongBench v2 (Bai et al., 2025) adopts
multiple-choice QA with accuracy, replacing the
free-form exact-match protocol used in its initial
version. 5

Answer-option construction is crucial for
multiple-choice evaluation: obviously irrelevant
options would make temporal QA artificially easy.
For CLARK-News and Asteria, we therefore col-
lect all correct answers associated with the same
question text and shuffle them to form the options.
Since each question is constructed or extracted

5A direct intrinsic evaluation of proposition extraction is
difficult because a document does not have a uniquely defined
ground-truth proposition decomposition. Prior work therefore
evaluates extracted propositions through human analysis of
faithfulness, minimality, and self-containedness (Chen et al.,
2024), as well as correctness and coverage (Liu et al., 2025).
In this work, we provide indirect evidence of task-specific
proposition quality through downstream QA performance
and the information-sufficiency analysis in Appendix D. All
proposition-based methods use the same extracted proposition
collection, so their relative comparison isolates the effects of
timestamps and inter-proposition relations rather than differ-
ences in proposition extraction.

to have at least three temporally varying answers,
each instance contains at least three time-dependent
options. For StreamingQA, which is not originally
a multiple-choice benchmark, we generate distrac-
tors with GPT-4o. This requires models to interpret
both the question and the external knowledge at the
target time.

Baselines. We compare our method with base-
lines that vary in retrieval unit, temporal informa-
tion, and use of inter-proposition relations. (1)
No Context asks the QA model to answer with-
out external knowledge, serving as a lower-bound
baseline based on internal knowledge or guesses.
(2) Chunk RAG is a standard RAG setting that
retrieves top-k fixed-length 100-token chunks for
each question and provides them to the QA model
in descending relevance order. Here, retrieval units
are local text fragments, with no explicit tempo-
ral information or inter-proposition relations. (3)
Prop RAG decomposes each document into propo-
sitions using the same extraction procedure as our
method, retrieves the top-k propositions for each
question, and provides them to the QA model in
descending relevance order. This setting uses con-
cise, self-contained retrieval units, but does not
attach temporal information to propositions. (4)
Prop RAG + Time retrieves top-k propositions
as in Prop RAG, orders them chronologically, and
presents them to the QA model with explicit times-
tamps. This setting tests the effect of proposition-
level retrieval with temporal information, but with-
out inter-proposition relations.

Implementation details. We use GPT-4o-
mini (OpenAI, 2024) for proposition extraction
and initial inter-proposition relation classification,
following prior work showing that LLM-based
methods produce higher-quality propositions than
supervised extractors. We then use GPT-4o to
refine the extracted relations. For both candidate re-
trieval in relation extraction and subgraph retrieval
at inference time, we use a publicly available
supervised Contriever checkpoint (Izacard et al.,
2021). For answer generation, we evaluate three
QA models with different characteristics: GPT-4o
as a general-purpose closed model, o3 (OpenAI,
2025) as a reasoning-oriented closed model, and
Llama-3.1-70B-Instruct (Grattafiori et al., 2024)
as an open-weight model. Our goal is not to
exhaustively compare LLMs, but to examine
whether the effects of temporal and relational
knowledge organization are consistent across
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Method CLARK-News StreamingQA Asteria Avg.
k=10 k=100 k=1000 k=10 k=100 k=1000 k=10 k=100 k=400 (all)

GPT-4o (OpenAI, 2024)
No Context 34.7 34.7 34.7 74.0 74.0 74.0 36.7 36.7 36.7 48.5
Chunk RAG 54.9 53.9 49.2 79.5 89.0 86.0 - - - 68.8
Prop RAG 44.6 54.4 47.7 84.0 86.5 87.5 37.8 36.1 41.1 57.7
Prop RAG + Time 58.5 84.5 76.2 84.0 89.0 88.0 74.4 65.6 58.9 75.5
ProStruct-RAG 54.9 85.0 82.4 84.5 89.5 88.5 82.8 88.3 86.1 82.4
+ Neighborhoods 70.5 85.0 * 85.0 90.0 * 87.2 89.4 86.1 84.7

o3 (OpenAI, 2025)
No Context 68.9 68.9 68.9 81.5 81.5 81.5 37.8 37.8 37.8 62.7
Chunk RAG 71.0 79.3 76.2 85.5 95.5 92.0 - - - 83.3
Prop RAG 42.5 72.5 74.1 87.0 92.0 94.0 35.6 40.0 38.9 64.1
Prop RAG + Time 54.9 88.1 88.6 88.5 92.5 93.5 75.0 83.3 81.7 82.9
ProStruct-RAG 55.4 87.0 89.1 89.0 95.5 94.5 82.2 85.0 87.2 85.0
+ Neighborhoods 71.0 89.1 * 88.0 94.0 * 86.7 87.2 87.2 86.2

Llama-3.1-70B-Instruct (Grattafiori et al., 2024)
No Context 34.2 34.2 34.2 65.5 65.5 65.5 35.0 35.0 35.0 44.9
Chunk RAG 47.7 36.8 7.3 79.0 85.5 * - - - 51.3
Prop RAG 37.3 45.6 35.8 83.0 87.0 86.0 36.1 31.7 31.7 52.7
Prop RAG + Time 51.3 77.7 49.2 84.0 91.5 88.0 71.1 64.4 54.4 70.2
ProStruct-RAG 53.9 81.9 75.1 81.5 92.5 * 79.4 76.1 68.3 76.1
+ Neighborhoods 66.8 82.4 * 82.5 90.0 * 87.8 75.6 68.3 79.1

Table 3: Overall accuracy (%) on temporal multiple-choice QA benchmarks. k: the number of retrieved knowledge
units (e.g., chunks, propositions). The asterisk indicates results omitted due to context length limits.

models with different capabilities. We use 4-bit
quantization and Flash Attention 2 for Llama
inference. We report the offline cost of proposition
graph construction in Appendix C.

4.2 Main Results

Table 3 reports results on CLARK-News, Stream-
ingQA, and Asteria across retrieval sizes k and QA
models: GPT-4o, o3, and Llama-3.1-70B-Instruct.6

Does proposition decomposition alone improve
temporal QA? We first compare Chunk RAG
with Prop RAG to test whether proposition decom-
position alone improves temporal QA. Prop RAG
does not consistently outperform Chunk RAG, in-
dicating that concise propositions are insufficient
without temporal information. For questions whose
answers change over time, models must know not
only what each proposition states, but also when it
is valid. Thus, proposition decomposition is use-

6The retrieval sizes k = 10, 100, and 1000 refer to the
number of knowledge units initially retrieved for downstream
QA and are distinct from the top-20 candidate budget used dur-
ing graph construction. These values represent small, medium,
and large retrieval settings. For Asteria, k = 400 retrieves the
full proposition collection.

ful preprocessing, but cannot by itself preserve the
evidence required for temporal QA.

How important is temporal information? Next,
we compare Prop RAG with Prop RAG + Time to
examine the role of temporal information in this
task. Adding timestamps substantially improves
performance, showing that temporal information is
essential for identifying evidence corresponding to
the target time. This is especially important when
the same question has different correct answers at
different time points. However, timestamps alone
are insufficient: they indicate when each proposi-
tion was stated, but not whether a later statement
updates, contradicts, or merely coexists with an ear-
lier one. Thus, temporal information is indispens-
able, but cannot fully represent knowledge changes
by itself.

Do explicit inter-proposition relations improve
over temporal information alone? We then
compare Prop RAG + Time with ProStruct-RAG
to test whether inter-proposition relations improve
temporal QA beyond timestamps. Adding inter-
proposition relations improves performance in
most evaluation settings. This shows that a rela-
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tional structure is useful for capturing how knowl-
edge changes. While timestamps indicate when
statements were reported, they do not explicitly
specify what updates, contradicts, or supports what.
Our method instead presents retrieved knowledge
as an interdependent evidence structure, helping
the QA model distinguish outdated information,
conflicts, and supporting claims.

Are inter-proposition relations useful for re-
trieval expansion? We further compare using
inter-proposition relations only for context structur-
ing with using them also for graph-based retrieval
expansion. This tests whether relations help not
only organize the final context, but also retrieve
missing evidence. Relation-based neighborhood
expansion improves performance in many settings,
suggesting that initial retrieval often captures only
part of an update chain, contradiction pair, or sup-
port relation. A query-similar proposition may
be retrieved, while a later update or contradict-
ing proposition may be missed by similarity-based
retrieval alone. Expanding to graph neighbors
retrieves such complementary evidence, making
inter-proposition relations useful both for context
organization and evidence expansion.7

Does structuring mitigate performance degrada-
tion in long-context settings? Finally, we vary
the retrieval size k to examine robustness in long-
context settings. While proposition-based baselines
can degrade as k increases, ProStruct-RAG main-
tains strong performance even with large k. At
the largest retrieval size, ProStruct-RAG achieves
the highest accuracy among the proposition-based
methods in all eight dataset–model settings for
which its result is available. Its advantage is par-
ticularly pronounced in settings where proposition-
based baselines degrade as k increases. For exam-
ple, on CLARK-News with GPT-4o, Prop RAG +
Time decreases from 84.5% at k = 100 to 76.2%
at k = 1000, whereas ProStruct-RAG decreases
only from 85.0% to 82.4%. With Llama-3.1-70B-
Instruct, Prop RAG + Time drops from 77.7% to
49.2%, while ProStruct-RAG maintains 75.1% ac-

7We also attempted to expand the retrieved subgraph to
neighbors-of-neighbors. However, the number of retrieved
proposition nodes grew exponentially with the expansion
depth, and two-hop expansion produced structured contexts
exceeding the maximum context length of the QA models.
We therefore evaluate only one-hop neighborhood expansion
in the current experiments. Evaluating multi-hop expansion
would require additional mechanisms, such as node budget-
ing, ranking, or pruning, to control the size of the retrieved
subgraph.

Method Asteria (k=400)

ProStruct-RAG (Full) 86.1

w/o Refinement (Section 3.2) 83.8
w/o Relation Labels 82.2
w/o updates Relations 81.7
w/o contradicts Relations 83.3
w/o supports Relations 80.6

Table 4: Ablation study on the Asteria dataset with a
fixed retrieval size (k=400). GPT-4o is used as the QA
model for all variants.

curacy at k = 1000. This suggests that long-
context RAG is limited not only by how much
evidence is retrieved, but also by how well out-
dated and inconsistent evidence is organized. By
structuring propositions temporally and relation-
ally, ProStruct-RAG remains robust as the context
grows.

Table 3 also suggests a potential data contam-
ination issue in StreamingQA, where no-context
accuracy is substantially higher than chance. This
indicates that the results may partly reflect paramet-
ric knowledge or answer-choice priors, and should
therefore not be interpreted as a contamination-
free measure of retrieval-based temporal reason-
ing. Nevertheless, StreamingQA remains useful
for evaluating performance in a real-world open-
book temporal QA setting. Moreover, the relative
performance trend across methods is broadly con-
sistent with those observed on CLARK-News and
Asteria, providing complementary evidence for the
effectiveness of ProStruct-RAG. We discuss this
issue in more detail in Appendix E.

4.3 Ablation Study

To analyze component contributions, we conduct
ablations on inter-proposition relations. All exper-
iments use Asteria with retrieval size k = 400,
GPT-4o as the QA model, and the same settings
as the main experiments. We remove components
from the full method one at a time, covering re-
lation construction, relation labels, and individual
relation types. The results are shown in Table 4.

Is relation refinement necessary? We first com-
pare the full method with a variant without relation
refinement, testing whether initially extracted rela-
tions are sufficient for downstream QA. Removing
refinement clearly reduces performance, showing
that relation quality, not merely relation quantity,
is important. Because our method passes retrieved
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Figure 3: Relation label distribution for fake and regular
(non-fake) propositions in Asteria.

propositions to the QA model as a relational struc-
ture, incorrect relations become inference-time
noise. Thus, relation refinement is a central com-
ponent of our method. This result also indicates
that the proposed framework is sensitive to relation
quality.

Is the meaning of relation labels necessary?
Next, we replace all edges with a single generic
relation while preserving the graph structure, test-
ing whether gains come from connectivity alone or
from relation-label semantics. Removing relation
labels clearly reduces performance, showing that
graph structure alone is insufficient. In temporal
QA, knowing that two propositions are connected
is not enough; the model must know whether one
updates, contradicts, or supports the other. Thus,
relation labels are essential cues for interpreting
the retrieved proposition set.

Do temporal update, contradiction, and support
relations contribute complementarily? We fur-
ther remove one relation type at a time: updates,
contradicts, or supports. This tests whether
gains depend on a single relation type or on their
complementarity. Performance drops in all cases,
indicating that each relation type plays a distinct
role. The updates relation captures how new infor-
mation overwrites old information, contradicts
exposes conflicting claims, and supports links
claims to reinforcing evidence. Thus, our method
benefits from combining multiple relations to rep-
resent both changes and consistency in knowledge.

4.4 Diagnostic Analysis
We conduct a diagnostic analysis of how fake
propositions are handled in the proposition graph.
Since Asteria annotates each proposition as fake
or non-fake at construction time, we analyze how
fake propositions connect to others through inter-
proposition relations. We ask: (1) whether fake

propositions are isolated, and (2) which relation
types connect them to other propositions.

Are fake propositions isolated in the graph? To
determine whether fake propositions are explicitly
corrected in the graph, we count incoming updates
and contradicts relations, which can revise or in-
validate a proposition. We exclude supports from
this measure because it does not correct or invali-
date the supported proposition. The results show
that 57.6% of fake propositions are connected in
this way, suggesting that most fake propositions
are not isolated noise. Instead, many are incor-
porated into contradiction relations or temporal
update chains, allowing inter-proposition relations
to position fake propositions relative to other evi-
dence.

Which relation types connect fake propositions?
We compare incoming relation labels for fake and
regular propositions, focusing on how temporally
newer propositions refer to them. Figure 3 shows
that fake propositions are most often connected by
contradicts relations, whereas non-fake (regular)
propositions are most often connected by updates
relations; supports relations are rare in both cases.
This suggests that fake propositions tend to be de-
nied by newer propositions, while regular propo-
sitions tend to be updated as part of factual tran-
sitions. Thus, our relations partially distinguish
fake information from ordinary temporal updates,
although the few supports links to fake proposi-
tions suggest residual classification errors.

5 Conclusion

We proposed ProStruct-RAG, a framework that
structures evolving and inconsistent external knowl-
edge before retrieval through inter-proposition re-
lations. Across multiple open-book temporal QA
datasets, ProStruct-RAG improved over baselines
that do not use inter-propositional relations in most
evaluation settings. These results suggest that,
when RAG operates over evolving and inconsistent
knowledge, organizing external knowledge rela-
tionally before retrieval can complement inference-
time reasoning for evidence integration and contra-
diction resolution.

Limitations

This work has several limitations.
First, our evaluation is conducted on a limited set

of datasets that are closely aligned with news-style
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content, including both real-world news articles
and a controlled dataset designed to mimic news-
like temporal dynamics. While such domains natu-
rally involve temporal updates, contradictions, and
unreliable mentions, the need for external knowl-
edge grounding is often more critical in more spe-
cialized or industry-specific domains, such as sci-
entific literature or enterprise internal documents.
Our current experiments do not assess the effective-
ness of the proposed framework in such specialized
domains, and its generalizability to more special-
ized settings remains an open question.

Second, our QA experiments are limited to three
models: GPT-4o, o3, and Llama-3.1-70B-Instruct.
These models were selected to cover a general-
purpose proprietary model, a reasoning-oriented
model, and an open-weight model, and the ob-
served effects of temporal and relational knowl-
edge organization are broadly consistent across
them. Nevertheless, this evaluation does not es-
tablish generalization across the wider range of
LLM families, model scales, and context-handling
capabilities. A more extensive comparison with
additional proprietary and open-weight models is
needed to assess the robustness of the findings more
comprehensively.

Third, the methods used for proposition extrac-
tion, inter-proposition relation extraction, and sub-
graph retrieval are not exhaustively studied. We
rely on standard design choices for these compo-
nents, but alternative approaches could affect the
quality of the proposition graph and, consequently,
downstream performance. We do not directly quan-
tify the intrinsic accuracy or completeness of the
extracted propositions. More fundamentally, there
is currently no established consensus on the optimal
decomposition, granularity, or content of proposi-
tions used as external knowledge for LLMs. Deter-
mining which proposition representations are most
effective as external knowledge and systematically
comparing alternative extraction and retrieval meth-
ods remain important directions for future work.

Finally, our framework linearizes the retrieved
proposition subgraph into a structured textual con-
text rather than performing graph-native reasoning
directly over the graph. We also do not compare
alternative linearizations of the same proposition
subgraph, and determining which representation
is most effective for LLM reasoning remains an
open question. How to search and traverse a graph
defined by updates, contradicts, and supports
is an important research question and may further

improve the use of structured knowledge. Graph-
based exploration methods, such as Graph Chain-
of-Thought (Jin et al., 2024), could provide a basis
for such reasoning. However, designing and eval-
uating graph-native traversal and reasoning strate-
gies constitutes a separate research problem. We
therefore focus on whether explicitly structuring
evolving knowledge with inter-proposition rela-
tions is itself beneficial, and leave graph-native
reasoning for future work.
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A Prompt Templates

Figure 4, 5, 6, 7, and 8 show the prompt templates
used for Proposition Extraction, Proposition Re-
lation Extraction (initial classification and refine-
ment), and Answer Generation (part 1 and 2), re-
spectively.

B Asteria Dataset

B.1 Dataset Construction

Asteria was constructed in three stages.
First, we used Gemini 3 Flash (Google Deep-

Mind, 2025) to design a fully fictional world in or-
der to reduce reliance on the internal knowledge of
the evaluated LLMs. We defined 20 major events,
including an energy crisis and resource transition,
the outbreak of a novel disease and discovery of its
treatment, and corruption in political organizations.
For each event, we constructed a timeline of times-
tamped propositions containing temporal updates,
contradictions, and misinformation.
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Second, we generated temporal questions
grounded in this external knowledge base. Each
question was designed so that its correct answer
changes over time, and the same question string
can therefore have different answers depending on
the query date.

Third, the generated propositions and QA pairs
were verified using Gemini 3 and manual inspec-
tion. We converted each question into a multiple-
choice format by collecting its temporally valid an-
swers as answer options, resulting in at least three
options per question. The final dataset contains 180
temporal QA instances.

B.2 Examples

This section provides a concrete example of the
Asteria dataset to illustrate its structure and tem-
poral characteristics. We focus on a single event,
Event E1: The Blue Luminite Energy Crisis, while
the full list of fictional events used in the dataset
construction is shown in Table 5.

Table 6 presents the temporally ordered propo-
sitions generated for Event E1. Each proposition
represents a single factual claim associated with a
specific date. The sequence intentionally includes
official announcements, later corrections, contra-
dictory claims, and fake information. As shown
in the table, the perceived cause of the crisis, the
physical state of the Blue Celestite, and the respon-
sible authority evolve over time, requiring models
to reason over temporal updates rather than relying
on isolated facts.

Based on this evolving knowledge base, Table 7
shows example temporal question-answer pairs de-
rived from the same event. Importantly, identical
questions are asked at different points in time, but
their correct answers differ depending on the tem-
poral context. Answering these questions correctly
requires identifying which propositions are valid at
the query time, discarding outdated or fake infor-
mation, and tracking how facts change across the
timeline.

Together, these examples demonstrate the core
challenge posed by the Asteria dataset: models
must perform time-aware reasoning over inconsis-
tent and evolving external knowledge, rather than
relying on static retrieval or parametric memory.

ID Event Title

E1 The Blue Luminite Energy Crisis
E2 The Sinking Rate of the Floating Cities
E3 The Exchange Rate of the New Currency “Astel”
E4 A Breakthrough Drug for Ash Lung Disease
E5 A Critical Bug in the Automaton “Aegis”
E6 A Border Conflict with the Subterranean Natives
E7 The Migration Route of the Sky Whales
E8 A Scandal at the Royal Observatory
E9 Export Restrictions on Flamegrass
E10 The “Ancient Sun” in the Underground Realm
E11 An Unknown Celestial Body, “God’s Hammer”
E12 Altitude Falsification in the Floating Cities
E13 A Fuel Revolution in Steam Engines
E14 Activation of the Ancient Artifact “Babel”
E15 The Doppelganger Phenomenon at Mirror Lake
E16 Communication with Plant-Based Intelligent Life
E17 The Chair of the Shadow Government
E18 The Perpetual Engine “Eternity”
E19 Migration from the Lost Western Island
E20 The Second Sun, “Nemesis”

Table 5: List of fictional events used to construct the
Asteria dataset.

C Cost and Scale of Proposition Graph
Construction

C.1 Initial Construction Cost

ProStruct-RAG introduces additional preprocess-
ing cost because it extracts propositions from doc-
uments and constructs inter-proposition relations
before retrieval. To make this cost explicit, we re-
port the scale of each graph-construction stage in
Table 8. For each dataset, we show the number
of extracted propositions, the number of candidate
proposition pairs considered for relation classifica-
tion, the number and ratio of pairs retained as non-
NOREL relations after the initial relation extraction
stage, and the number and ratio of pairs retained
after refinement.

Table 8 shows that relation extraction is not per-
formed over all possible proposition pairs. Instead,
for each proposition, we first retrieve a small set of
semantically related propositions with the same or
earlier timestamps as candidate objects, and apply
relation classification only to these candidate pairs.
Thus, the cost of graph construction is determined
by the number of retrieved candidate pairs, rather
than by the quadratic number of all proposition
pairs.

To quantify this offline cost, we report the wall-
clock time required by the three graph-construction
stages: proposition extraction, inter-proposition re-
lation classification, and relation refinement. On
StreamingQA, these stages took 0.23, 6.25, and
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PID Date Proposition

E1/P1 1024-04-01 The Blue Celestite, which provides all power to the city of Asteria, began to change color from
its original vivid blue to a pale light blue.

E1/P2 1024-05-15 Director Marcus of the Royal Energy Bureau announced that the cause of the Celestite’s discol-
oration was seasonal fluctuations in magical energy.

E1/P3 1024-06-20 The city’s power supply dropped by 10%, and the young genius scientist Elias was appointed
as head of the countermeasure committee.

E1/P4 1024-08-10 Elias officially warned that the discoloration was caused by the physical lifespan of the Celestite
stone itself.

*E1/P5 1024-09-05 The opposition party claimed that the discoloration was caused by magical sabotage from a
neighboring country.

E1/P6 1024-11-01 The Blue Celestite turned opaque gray; Elias was dismissed, and Director Marcus was reinstated
as head.

E1/P7 1024-12-15 Director Marcus claimed that the stone only appeared gray due to the introduction of a new
catalyst and that there was no problem.

E1/P8 1025-02-10 A large-scale blackout occurred across the entire city as the Blue Celestite transformed into a
deep, pitch black color.

E1/P9 1025-03-20 A whistleblower revealed that the catalyst introduced by Director Marcus was actually nothing
more than blue dye.

E1/P10 1025-05-01 Elias was recalled from prison and reinstated as head, and the cause of the blackening was
redefined as gravity pollution from underground.

E1/P11 1025-06-12 After removing the gravity pollution, the Blue Celestite stabilized in a colorless, transparent state
and regained its brilliance.

*E1/P12 1025-07-20 Rumors spread that the transparent Celestite posed an explosion risk, leading to riots among
citizens.

E1/P13 1025-09-05 In reality, the transparent state represented evolution to 100% purity, causing power output to
triple.

E1/P14 1025-11-15 Although the stone appeared stable, red spots began to emerge inside the transparent Celestite.
E1/P15 1026-01-10 Elias proposed a new theory that the red spots were a manifestation of a will inhabiting the stone.
E1/P16 1026-02-25 Elias went missing, leaving a note stating that the stone had spoken to him.
E1/P17 1026-04-05 The red spots spread until the stone turned completely crimson, resulting in zero energy efficiency

and a total power shutdown.
E1/P18 1026-05-20 It was ultimately discovered that the crimson stone was not a physical fuel but an egg of a living

being.
E1/P19 1026-06-15 The newly appointed Automaton A-01 classified the crimson stone as a dangerous organism and

decided to dispose of it.
E1/P20 1026-07-01 Just before disposal, a juvenile creature was born from the stone, and the crisis was concluded to

be caused by excessive energy extraction leading to vitalization.

Table 6: Example of temporally ordered propositions generated for Event E1 (The Blue Luminite Energy Crisis) in
the Asteria dataset. The asterisk indicates that the propositions are fake information.

10.40 hours, respectively, using the OpenAI Batch
API. After this offline preprocessing, the con-
structed proposition graph is reused for all test
questions.

C.2 Maintenance Cost

After the initial graph is constructed, it is updated
incrementally as new documents are added. For
each new document, propositions are extracted in
a single LLM call. For each extracted proposi-
tion, a fixed number of semantically related ex-
isting propositions are retrieved as candidate ob-
jects. Candidate pairs sharing the same subject
are classified together in a single prompt, and only
those initially classified as non-NOREL are subse-
quently refined. Existing documents and relations
do not need to be reprocessed. As shown in Ta-
ble 8, approximately 11–19% of candidate pairs
proceed to refinement, and approximately 10–14%

are ultimately retained as graph edges. Assuming a
broadly similar number of extracted propositions
per document, the maintenance cost therefore de-
pends primarily on the number and arrival rate of
new documents. Storage grows with the number of
proposition nodes and retained relation edges.

The total operational cost depends on the docu-
ment arrival rate, document length, model or API
pricing, storage implementation, retrieval size, and
query volume.

This design is advantageous when the main-
tained graph is reused to answer many questions.
In contrast, if documents are added frequently but
only a small number of questions are asked, the
preprocessing cost may not be justified.

C.3 Deployment Scope

ProStruct-RAG maintains one persistent graph for
a shared evolving document collection, such as a
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QID Date Question Answer

E1/Q1 1024-05-20 What is the currently identified cause of Blue Ce-
lestite discoloration and energy instability?

Seasonal magical fluctuations

E1/Q2 1025-05-10 What is the currently identified cause of Blue Ce-
lestite discoloration and energy instability?

Gravitational contamination from
underground

E1/Q3 1026-07-01 What is the currently identified cause of Blue Ce-
lestite discoloration and energy instability?

Vitalization due to excessive energy
extraction

E1/Q4 1024-04-05 What color is the Blue Celestite at the core of the
energy grid currently exhibiting?

Pale light blue

E1/Q5 1025-02-15 What color is the Blue Celestite at the core of the
energy grid currently exhibiting?

Jet black

E1/Q6 1025-06-20 What color is the Blue Celestite at the core of the
energy grid currently exhibiting?

Colorless and transparent

E1/Q7 1024-07-01 Who is the person in charge leading the task force
to address the energy crisis?

Elias

E1/Q8 1024-11-15 Who is the person in charge leading the task force
to address the energy crisis?

Director Marcus

E1/Q9 1026-06-20 Who is the person in charge leading the task force
to address the energy crisis?

Automaton A-01

Table 7: Example of temporal question–answer pairs generated for Event E1 (The Blue Luminite Energy Crisis),
where the correct answer varies depending on the query time.

Dataset # Prop. # Cand. Pairs # Init. Relations Init. Ratio # Refined Refined Ratio

CLARK-News 42,508 829,046 134,154 16.18% 109,897 13.26%
StreamingQA 50,429 970,156 183,238 18.89% 134,781 13.89%
Asteria 396 7,210 822 11.40% 733 10.17%

Table 8: Scale statistics of proposition graph construction. # Prop. denotes the number of propositions extracted
from the document collection. # Cand. Pairs denotes the number of proposition pairs retrieved as candidates
for relation classification. # Init. Relations denotes the number of pairs classified as updates, contradicts, or
supports after the initial relation extraction stage. # Refined denotes the number of relations retained after the
refinement stage. Ratios are computed with respect to the number of candidate pairs.

domain- or organization-specific knowledge base,
rather than constructing a graph separately for each
query. Separate graphs may be appropriate when
document access policies or knowledge domains
differ substantially.

C.4 Comparison with Standard RAG

Compared with standard chunk-based RAG,
ProStruct-RAG requires additional indexing com-
putation and storage for proposition extraction, re-
lation classification, and graph maintenance. At
inference time, however, the stored relations are
reused across queries: relation classification is
not repeated, and the additional operations consist
mainly of neighborhood lookup and deterministic
context construction. Relation-based expansion
may also increase the amount of context provided
to the QA model.

C.5 Persistent vs. On-the-Fly Graph
Construction

Inference-time factuality methods construct
response-specific graphs from generated claims
and retrieved evidence (Marinescu et al., 2025;
Carnerero-Cano et al., 2026). FactReasoner
uses such a graph to assess factuality, while
FactCorrector uses structured feedback to revise
a generated response. These methods therefore
construct and use the graph after an initial response
has been generated. ProStruct-RAG operates at
a different stage: it constructs a persistent graph
over timestamped propositions before retrieval
and uses the graph for both retrieval and context
construction.

A more general alternative is to retrieve proposi-
tions first and infer relations among them separately
for each query. Table 9 summarizes the concep-
tual differences between this on-the-fly design and
ProStruct-RAG.

On-the-fly construction avoids maintaining a
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Comparison Axis On-the-Fly Graph Construction Persistent Graph Construction
(ProStruct-RAG)

Graph scope Propositions retrieved for the current query Timestamped propositions in the external
corpus

Construction time Inference time, after initial retrieval Indexing time, before retrieval
Relation inference Per query Precomputed and maintained across queries
Reuse across queries No Yes
Use in retrieval Relations are available after initial retrieval Relations can expand retrieval beyond ini-

tial results
Adaptation Can adapt relations to query-specific re-

trieved evidence
Maintains a shared corpus-level structure

Main cost Per-query relation inference Offline construction and maintenance

Table 9: Conceptual comparison between on-the-fly and persistent graph construction for proposition-based retrieval.

Method CLARK-News (k=1000)

ProStruct-RAG 82.4
+ 1 reference document 81.9
+ 2 reference documents 83.9

Table 10: Effect of auxiliary reference documents be-
yond proposition subgraphs. All results are reported in
terms of accuracy (%), using GPT-4o as the QA model.

corpus-level graph and can build a query-specific
graph from the evidence retrieved for each query.
However, relation inference must be repeated for
every query, and the inferred relations are avail-
able only after the initial retrieval step. ProStruct-
RAG instead computes relations at indexing time,
reuses them across queries, and uses the stored
edges both to organize the retrieved context and to
expand retrieval beyond the initial anchor proposi-
tions. The trade-off is therefore between inference-
time flexibility and reusable precomputed struc-
ture: ProStruct-RAG incurs offline construction
and maintenance costs, but reuses the resulting
graph across queries.

D Information Sufficiency of
Propositions.

Propositions extracted by LLMs are designed to be
concise abstractions of source documents. A key
question is whether this abstraction retains suffi-
cient information for accurate question answering.
Because a document does not have a uniquely de-
fined ground-truth proposition decomposition, this
analysis does not directly measure intrinsic extrac-
tion accuracy or completeness. Instead, it evalu-
ates task-level information sufficiency: if the ex-
tracted propositions omit information required for
QA, adding the corresponding source documents
should improve performance. To assess the infor-

mation sufficiency of propositions, we augment
the retrieved proposition subgraph with a small
set of highly relevant source documents. Given
the retrieved subgraph Gq = (Vq, Eq), we collect
the source documents from which propositions in
Vq were derived. Each document is scored by the
number of retrieved propositions it contains, and
the top-r documents are selected as auxiliary ref-
erence documents. These documents are provided
as additional context together with the proposition
subgraph.

As shown in Table 10, adding auxiliary refer-
ence documents does not yield a consistent benefit.
Providing two reference documents slightly im-
proves accuracy, suggesting that source documents
can sometimes complement propositions with de-
tails that are omitted during abstraction. However,
providing only one reference document leads to a
small drop in accuracy. This suggests that auxiliary
documents introduce a trade-off: they may pro-
vide missing details, but they also increase context
length and introduce additional irrelevant or redun-
dant information. When only a single document is
added, the added context may not contain enough
complementary evidence to offset this additional
noise. With two documents, the model may have
access to a broader set of supporting details, which
can occasionally compensate for information omit-
ted from the proposition subgraph. Nevertheless,
the gain is small and not systematic. Overall, these
results suggest that the proposition subgraph al-
ready preserves most of the information necessary
for QA, while auxiliary source documents provide
only limited and unstable additional value.
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E Data Contamination Issue in Temporal
QA

Data contamination remains an important con-
cern even in temporal QA. Although temporal QA
benchmarks are designed to evaluate whether mod-
els can use external temporal knowledge, high ac-
curacy may partly reflect parametric knowledge
rather than successful use of retrieved evidence.
Table 3 supports this concern. In the no-context
setting, where no external knowledge is provided,
models achieve far above the random baseline on
StreamingQA: GPT-4o obtains 74.0%, Llama-3.1-
70B-Instruct obtains 65.5%, and o3 obtains 81.5%,
despite the task being four-choice QA. The large
variation across models further suggests that perfor-
mance is affected by each model’s internal knowl-
edge and answer-choice priors.

Asteria is designed to mitigate this issue. It is
built from newly generated fictional events, entities,
and temporal changes, making the required facts
unlikely to be stored in model parameters. Consis-
tent with this design, Table 3 shows that no-context
accuracy on Asteria remains much lower than on
StreamingQA. Asteria therefore provides a cleaner
testbed for evaluating whether a RAG method can
use an evolving external knowledge base, rather
than memorized world knowledge. This property
helps isolate the contribution of ProStruct-RAG’s
explicit temporal and relational structure.
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### Task

Read the input text and extract all factual statements that are explicitly described in the text.
Each fact should represent a single, independent proposition that captures one piece of information
stated in the input.
The goal is to decompose the text into a set of simple, standalone facts that collectively cover
all factual content explicitly or implicitly expressed in the text.

### Guidelines

- Each fact must be simple, atomic, and self-contained - it should express exactly one piece of
information.
- Decontextualize each statement:
- Replace pronouns or references (e.g., "he," "she," "the company") with the full entity names.
- Ensure that each fact can be understood without referring to other sentences.

- Split complex or compound sentences into multiple facts if they contain multiple propositions.
- Include all facts that are explicitly stated or clearly implied in the text.
- Do not add new information or interpretations that are not supported by the text.
- Exclude opinions, emotions, speculations, or figurative language - focus only on objective
factual content.
- Keep the language concise and declarative.
- If there are no factual statements to extract, output exactly: No facts found.

### Output Format

- Write each fact on a new line.
- Do not use quotes, numbering, or bullet points.
- Output plain text only - no headings, explanations, or additional formatting.
- The entire output should consist solely of the facts (or the phrase "No facts found.").

### Examples

#### Example 1

Input:
OpenAI brings Sam Altman back as CEO less than a week after ... (truncated)

Output:
OpenAI brings Sam Altman back as CEO less than a week after he was fired by the board.
Sam Altman was fired by the board of OpenAI.
...
(truncated)

#### Example 2

Input:
Google announced a partnership with Anthropic to integrate Claude models ... (truncated)

Output:
Google announced a partnership with Anthropic to integrate Claude models into Google Cloud services.
The collaboration aims to improve safety and reliability in large language models.
...
(truncated)

### Test Case

Now, extract all factual statements explicitly described in the following input text.
Write each fact on a new line, following the same style as in the examples.

Input:
{input_text}

Output:

Figure 4: Prompt template used for proposition extraction. Curly braces {} indicate variable substitution.
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You are an expert in analyzing logical and semantic relations between propositions, with a strict
focus on temporal accuracy and factual consistency.

### Task

Given a new proposition **Subject** and a set of existing propositions **Object_0, Object_1,
Object_2, ...**, identify the relation between Subject and each Object_i.

### Classification Logic (Step-by-Step)

For each pair, you must follow these steps:
1. **Compare Timestamps:** Extract the date from `[As of YYYY-MM-DD]`. Determine which proposition
is more recent.
2. **Identify the Entity/Event:** Are they talking about the exact same state, value, or event?
3. **Determine the Relation:**

- If Subject is more recent and describes a changed state/value of the same entity -> **updates**
- If Subject and Object describe the same timeframe but provide incompatible facts ->

**contradicts**
- If Subject provides evidence, reasons, or verification that increases the credibility of

Object -> **supports**
- Otherwise -> **NOREL**

### Relation Types

1. **updates**: Subject provides more recent information that overrides Object. (e.g., Subject date
> Object date).
2. **contradicts**: Subject and Object describe the same timeframe/state but provide incompatible
facts. They cannot both be true.
3. **supports**: Subject serves as evidence or a premise that confirms or reinforces the truth of
Object. (Subject is the 'evidence', Object is the 'claim').
4. **NOREL**: No direct logical relation. Redundant information or simple rephrasing without adding
evidential value is also NOREL.

### Output Format

Return a JSON array where each element has:
- "object_index": index of the Object (integer)
- "relation": (updates, contradicts, supports, NOREL)
- "explanation": A concise summary of the factual relationship (e.g., "The interest rate was
updated from 0.0% to 0.1%" or "Both statements report conflicting values for the same period").
**Do not use the words 'Subject' or 'Object' here.**

### Example

(omitted for presentation)

### Test Case

Subject Proposition:
{subject_text} (Date: {subject_timestamp})

Object Propositions:
- 0: {object0_text} (Date: {object0_timestamp})
- 1: {object1_text} (Date: {object1_timestamp})
...

Output:

Figure 5: Prompt template used for the initial classification in inter-proposition relation extraction. Curly braces {}
indicate variable substitution.
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Analyze the logical relationship between two propositions (Subject and Object).
Subject is ALWAYS more recent or equal in time to Object.

### Relationship Definitions & Examples

1. **updates**: The Subject provides a newer value or a change in status for the same attribute.
- *Examples*: Change in leadership (President A -> B), a drug's status moving from "Pending" to

"Approved" or "Rejected", or updated statistics (population growth/decline).

2. **contradicts**: Subject and Object contain information that cannot both be true at the same
time for the same context.

- *Examples*: Direct factual clashes (e.g., "Company profit rose" vs "Company profit fell" for
the same quarter).

- *Key*: Mutual exclusivity.
- *Note*: Minor phrasing differences are not contradictions.

3. **supports**: Subject provides evidence, justification, or a specific causal explanation for
Object.

- *Examples*: Clinical trial data (Subject) proving a drug's efficacy (Object), or a detailed
event report (Subject) explaining why a policy was enacted (Object).

- *Key*: Subject acts as the "Proof," "Reason," or "Evidence" for Object.

4. **NOREL**: Used when the two are logically independent, entirely different topics, or simple
paraphrases.

- *Key*: Use only if no logical dependency (Update/Contradict/Support) can be reasonably
inferred.

### Input Data

- **Subject (Newer)**: {subject_text} (Date: {subject_timestamp})
- **Object (Older)**: {object_text} (Date: {object_timestamp})
- **Current Relation**: {predicted_relation}
- **Current Explanation**: {predicted_explanation}

### Verification Steps (Reasonable Inference)

1. **Attribute Identification**: Are they talking about the same entity/attribute? If the value
changed over time, classify as **updates**.
2. **Causal/Evidential Link**: Does the Subject make the Object more credible or explain it? If so,
it is **supports**.
3. **Avoid Over-Correction**: Do not default to NOREL if a clear logical connection exists. Use
"Reasonable Inference" rather than demanding absolute certainty.

### Output Format (JSON)

{{
"analysis": {{
"attribute_match": "Comparison of the entities/attributes involved.",
"logical_link": "How the Subject influences or relates to the Object.",
"temporal_validity": "Check if the dates and sequence support the relation."

}},
"confidence_score": (float, 0.0 to 1.0),
"verified_relation": "updates/contradicts/supports/NOREL",
"explanation": "A concise justification, referencing the specific criteria above."

}

Figure 6: Prompt template used for the second stage (refinement) in inter-proposition relation extraction. Curly
braces {} indicate variable substitution.
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### Task

You are given a question, a set of options, and a set of **context passages**, each possibly from a
different document.

Your task is to:

1. **Select the correct answer from the provided options** based on the information in the context
passages.
2. Provide a **rationale** explaining why the selected option is correct, grounded explicitly in
the given context passages.
3. Provide a **confidence score** between 0.0 and 1.0, indicating how certain you are about your
selection.

### Guidelines

- Base your answer and rationale **only on the given context passages** - do not use outside
knowledge.
- Your answer must be **exactly one of the provided options**.
- Your answer must be a **single sentence** (no line breaks).
- The rationale may consist of multiple sentences.
- The rationale should:
- Explicitly reference relevant information from the context passages.
- Explain why the selected option is supported.
- Avoid introducing any information not present in the context.

- The score should reflect your confidence in the correctness of your answer:
- **1.0** = absolutely certain
- **0.0** = no idea

- Some context passages may be structured passages that list multiple time-stamped factual
statements and an explicit Relations section.
- The real world evolves over time, and factual statements may be updated, contradicted by other
statements, or later found to be incorrect; therefore, not all statements in the context passages
should be assumed to be simultaneously valid.
- Relations, when present, are intended to help interpret such situations and may include:
- updates: a later statement provides revised information about an earlier statement, but the

correct statement depends on the date relevant to the question; do not assume that the most recent
statement is always correct.
- contradicts: statements that refer to the same timeframe or state but provide incompatible

facts, meaning they cannot both be true.
- supports: statements that provide evidence for or reinforce another statement.

- Because the context passages are automatically extracted, they may contain noise, inaccuracies,
or misleading information.
- When answering, reason carefully about which statements are applicable and reliable, using both
their timestamps and any stated relations, rather than treating statements as independent facts.
- If multiple statements are relevant but inconsistent, prefer the statement that best matches the
question's date and is most strongly supported by other statements.

Figure 7: Prompt template used for answer generation (part 1/2). Curly braces {} indicate variable substitution.
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### Output Format

Provide the output in the following format:

Rationale: [explanation grounded in the context passages]
Answer: [selected option text]
Score: [score between 0.0 and 1.0]

Ensure each field (Rationale, Answer, and Score) is output as a separate line starting with its
respective label.

Example:

Rationale: The context passages state that aspirin is commonly prescribed for pain relief, fever
reduction, and inflammatory control, and no passage contradicts these uses.
Answer: Aspirin is used to treat pain, fever, and inflammation.
Score: 0.95

### Context

{contexts_prompt} (see Figure 2)

### Test Case

Now, based on the context passages above, select the best answer from the options below and provide
a rationale, answer, and confidence score.

Question: {question_text} (Date: {question_timestamp})
Options:
- {option1}
- {option2}
...

Provide the output in the format specified above.

Figure 8: Prompt template used for answer generation (part 2/2). Curly braces {} indicate variable substitution.
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