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Abstract

In today’s rapidly expanding data landscape,
knowledge extraction from unstructured text
is vital for real-time analytics, temporal infer-
ence, and dynamic memory frameworks. How-
ever, traditional static knowledge graph (KG)
construction often overlooks the dynamic and
time-sensitive nature of real-world data, limit-
ing adaptability to continuous changes. More-
over, recent zero- or few-shot approaches that
avoid domain-specific fine-tuning or reliance
on prebuilt ontologies often suffer from insta-
bility across multiple runs, as well as incom-
plete coverage of key facts. To address these
challenges, we introduce ATOM1 (AdapTive and
OptiMized), a few-shot and scalable approach
that builds and continuously updates Temporal
Knowledge Graphs (TKGs) from unstructured
texts. ATOM splits input documents into mini-
mal, self-contained “atomic” facts, improving
extraction exhaustivity and stability. Then, it
constructs atomic TKGs from these facts, em-
ploying a dual-time modeling that distinguishes
between when information is observed and
when it is valid. The resulting atomic TKGs
are subsequently merged in parallel. Empiri-
cal evaluations demonstrate that ATOM achieves
∼ 18% higher exhaustivity, ∼ 33% better sta-
bility, and over 90% latency reduction com-
pared to baseline methods, demonstrating a
strong scalability potential for dynamic TKG
construction.

1 Introduction

Unstructured data is expanding at an unprecedented
rate (Dresp-Langley et al., 2019), and given that
the majority of big data is inherently unstructured
(Trugenberger, 2015), there is an urgent need for ro-
bust information extraction and data modeling tech-
niques to unlock its potential and derive insights
across a broad spectrum of applications (Cetera

1The code, prompts, and dataset are available at https:
//github.com/AuvaLab/itext2kg. ATOM is available as an
open-source Python library.

et al., 2022). A prominent model for converting
this unstructured data into structured, actionable
knowledge is the Knowledge Graph (KG) (Zhong
et al., 2023).

KG construction involves identifying entities, re-
lationships, and attributes from diverse data sources
to create structured knowledge representations.
Traditionally, many approaches have focused on
static KGs, which provide snapshots of knowledge
without incorporating temporal dynamics. How-
ever, as real-world phenomena are inherently dy-
namic, static KGs, rarely or never updated, strug-
gle to remain relevant and accurate (Jiang et al.,
2023). In contrast, Temporal Knowledge Graphs
(TKGs) integrate time dimensions by associating
timestamps or time intervals with facts (e.g., (Ein-
stein, was awarded, the Nobel Prize, in 1921)),
making them particularly well-suited for analyzing
changes, trends, and enabling temporal reasoning.

GraphRAG (Edge et al., 2024) and agent-based
architectures (Xi et al., 2025) have demonstrated
the potential of TKGs in retrieving and modeling
dynamic information (Wu et al., 2024). Addition-
ally, TKGs have been effectively used to model the
memory of agents within agentic systems (Anokhin
et al., 2025), highlighting their role in capturing the
evolving nature of knowledge for adaptive and re-
sponsive systems.

Despite this potential, deploying Dynamic TKGs
in production imposes latency constraints. As new
information arrives continuously, systems must up-
date the graph in real-time. In such contexts, se-
quential approaches often become prohibitive bot-
tlenecks, creating a critical limitation for scalable,
real-time analytics (Bian, 2025).

Traditional methods for KG construction, often
reliant on entity recognition and relation extraction,
face several limitations. They typically depend
on predefined ontologies and supervised learning
techniques that require extensive human annota-
tion (Al-Moslmi et al., 2020). Recent advances in
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Large Language Models (LLMs) (Jin et al., 2024)
and zero- or few-shot techniques (Zhang et al.,
2024; Carta et al., 2023; Hu et al., 2024) have
paved the way for more flexible KG construction
approaches that reduce dependency on extensive
training datasets.

Despite these advances, current zero- or few-
shot methods for KG construction often suffer from
several limitations. They can be non-exhaustive,
omitting key relationships, and prone to instability,
where multiple construction runs on the same text
yield different results. Moreover, many of these
approaches overlook the temporal dimension of
the input data and struggle to adapt to real-life
scenarios with dynamic, evolving data, leading to
false positives and a lack of scalability (Cai et al.,
2024).

In this paper, we propose ATOM (AdapTive and
OptiMized), a few-shot and scalable dynamic TKG
construction approach from unstructured text, en-
suring stability and exhaustivity. ATOM introduces
a strategy that decomposes unstructured text into
atomic facts. Rather than processing these atomic
facts sequentially, ATOM proposes an architecture
with parallel 5-tuple extraction, followed by a par-
allel atomic merging mechanism. In the remainder
of the paper, we present related work in Section 2,
our proposed approach, ATOM, in Section 3, exper-
imental evaluation in Section 4, a conclusion in
Section 5, and limitations in Section 6.

2 Related work

Current zero- and few-shot approaches to KG con-
struction, such as AttacKG+ (Zhang et al., 2024),
iterative LLM prompting pipelines (Carta et al.,
2023), LLM-Tikg (Hu et al., 2024), LLM Builder
2, and LLM Graph Transformer3 aim to build KGs
without requiring task-specific training. However,
these methods suffer from inconsistencies such as
unresolved entities and relations.

That is why iText2KG (Lairgi et al., 2024) intro-
duces an incremental, zero-shot architecture that
constructs KGs iteratively by comparing newly ex-
tracted entities and relations with existing ones
using embeddings and cosine similarity, achiev-
ing performance gains over some state-of-the-art
LLM-based methods. However, it produces non-
exhaustive and non-stable KGs due to the stochastic

2https://llm-graph-builder.neo4jlabs.com/
3https://python.langchain.com/docs/how_to/

graph_constructing/

nature of LLMs (Atil et al., 2024). Moreover, it
fails to incorporate the temporal dimension, and
scalability remains a significant challenge when
applying it to real-world scenarios due to its incre-
mental nature.

Graphiti (Rasmussen et al., 2025) proposed a
dynamic TKG construction approach for agents’
memory with an exclusively LLM-based en-
tity/relation and temporal resolution framework. A
key limitation is that it relies solely on prompting
the LLM across all its modules, making it heavily
dependent on LLM calls. The system prompts the
LLM with all previous entities for entity resolution,
which becomes impractical as the graph scales to
millions of nodes. Similarly, time conflicts are re-
solved exclusively through LLM calls, resulting in
high computational costs and scalability challenges
when applied to large-scale datasets. Moreover,
they do not handle the exhaustivity and stability of
the constructed TKGs.

AriGraph (Anokhin et al., 2025) integrated se-
mantic and episodic memories to support reason-
ing, planning, and decision-making in LLM agents.
However, their entity resolution method leads to
semantic drift in the temporal KG, where, for exam-
ple, a reference to “Apple” might ambiguously de-
note either the company or the fruit. Furthermore,
scalability becomes problematic as the volume of
unstructured data increases.

Despite these advances, current zero- and few-
shot TKG construction methods face three key lim-
itations: (1) they struggle to maintain exhaustive
fact coverage when processing longer texts, (2) they
often produce unstable TKGs across multiple runs,
and (3) they lack scalable architectures for dynamic
temporal updates. To address these challenges, we
propose ATOM, a framework that combines atomic
fact decomposition for exhaustive and stable ex-
traction and parallel merging for scalability.

3 Proposed approach: ATOM

In this section, we first present some notations and
definitions used throughout the paper and then in-
troduce the formulation of our proposed framework.

3.1 Problem statement

ATOM incorporates dual-time modeling, differen-
tiating between when facts are observed and the
temporal information conveyed by the facts them-
selves, which is characterized by a validity period.
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Figure 1: ATOM’s architecture, running in parallel, ensuring scalability, speed, and continuous updates. Unstruc-
tured texts observed at time t are denoted by Dt, the i-th temporal atomic fact observed at time t is denoted by ft,i,
the i-th atomic TKG observed at time t is denoted by Gti , the TKG snapshot observed at time t is denoted by Gts,
and the updated TKG at time t is denoted by Gt.

This approach better reflects real-world data (Ras-
mussen et al., 2025; Chekol and Stuckenschmidt,
2018; Meijer, 2022). This separation enhances
TKG dynamism and proper inference of relative
times by providing the observation time as context
to the LLM (eg, ’month ago’).

Definition 1 (Dynamic-Temporal KG with Dual–
Time Modeling). Let Tobs be an ordered set of ob-
servation timestamps at which the KG is updated,
and let Tstart, Tend be sets of timestamps used to
label inherent validity period of facts defined by
their start and end times, respectively. For each ob-
servation time t ∈ Tobs, a TKG snapshot is defined
as:

Gts =
(
E t, Rt, T t

start, T t
end, F t

)
(1)

where:

• E t is the set of entities known at observation
time t,

• Rt is the set of relations known at observation
time t,

• T t
start ⊆ Tstart is the set of validity start times

referenced by facts in this snapshot,

• T t
end ⊆ Tend is the set of validity end times

referenced by facts in this snapshot,

• F t ⊆ E t ×Rt ×E t ×T t
start ×T t

end is the set
of temporal facts (5-tuples) observed in the
snapshot at observation time t.

A fact in this snapshot is a 5-tuple (quintuple )
(es, rp, eo, tstart, tend) indicating the relation rp ∈
Rt holds between the subject entity es ∈ E t and
the object entity eo ∈ E t. Technically, tstart and
tend are chosen to be lists to aggregate start and
end validity timestamps to track the history of the
same fact. Validity start and end timestamps can
be unknown, in which case their respective lists are
empty (denoted as [.]).

A Dynamic Temporal Knowledge Graph
(DTKG), updated at t, is defined as the paral-
lel pairwise merge of these TKG snapshots via
the merge operator ⊕ (as described later in Sec-
tion 3.2.3).

Gt =
⊕

t′∈Tobs={...,t−1,t}
Gt′s = Gt−1 ⊕ Gts (2)

Definition 2 (Temporal Atomic Fact with Dual–
Time Modeling). Let Tobs be a set of observation
timestamps at which new data is ingested, and let
Tstart and Tend be the sets of validity periods men-
tioned within the data. For each observation time
t ∈ Tobs, let Dt be an unstructured text that be-
comes available at t. A temporal atomic fact ft,i
is a short, self-contained snippet derived from Dt

that conveys exactly one piece of information, ex-
tracted by the LLM. Depending on the content of
the snippet, an atomic fact may or may not explic-
itly contain a validity period. Formally,

ExtractAFactsLLM(Dt) = {ft,1, . . . , ft,mt} (3)

An example is provided in Section B in the Appen-
dices. In what follows, the term atomic fact is used
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for conciseness.

Definition 3 (Atomic Temporal KG). Given an
atomic fact ft,i observed at time t, its atomic tem-
poral KG Gti is the set of 5-tuples extracted by the
LLM:

Gti = ExtractQuintuplesLLM(ft,i) (4)

⊆ P
(
E t ×Rt × E t × T t

start × T t
end

)

Concretely, Gti is the set of 5-tuples
(es, rp, eo, tstart, tend) derived from a single
atomic fact ft,i at observation time t.

Given the definitions 1 and 3, the DTKG, up-
dated at t:

Gt =
⊕

t′∈Tobs
Gt′s =

⊕

t′∈Tobs
(

⊕

i∈J1,mt′K
Gt′i ) (5)

Figure 2 illustrates a detailed example of ATOM’s
pipeline.

3.2 ATOM’s Framework

Given a continuous stream of unstructured texts,
our goal is to construct and maintain a consistent
and dynamic TKG, ensuring for each t ∈ Tobs:

(C1) Exhaustivity: the constructed TKG snapshot
Gts ideally captures every 5-tuple that is se-
mantically present in Dt.

(C2) Stability across multiple runs: when the iden-
tical 5-tuple extraction prompt is executed re-
peatedly on the same input text using the same
LLM, the resulting TKG snapshots should be
nearly identical.

In the following, we detail the different modules of
ATOM’s architecture (Figure 1).

3.2.1 Module-1: Atomic fact decomposition
ATOM does not construct TKGs directly from raw
input documents but first decomposes them into
atomic facts (Figure 1). This decomposition ad-
dresses a fundamental limitation of LLMs: the
"forgetting effect" where models prioritize salient
information in longer contexts while omitting key
relationships, leading to incomplete knowledge ex-
traction (Liu et al., 2024). Following (Hosseini
et al., 2024; Chen et al., 2024; Raina and Gales,
2024), ATOM uses LLM-based prompting for de-
composition with an optimal chunk size to main-
tain high exhaustivity (determined experimentally

in Section 4.3). However, while prior work focused
on information retrieval applications, ATOM applies
atomic decomposition specifically for TKG con-
struction. This strategy addresses both conditions:
it enhances exhaustivity (C1) by preventing infor-
mation loss that occurs when LLMs process com-
plex, multi-fact paragraphs, and enhances stabil-
ity (C2) by providing clear, unambiguous contexts
that reduce output variance across multiple runs.
Each atomic fact is related to an observation time,
and it is necessary to encapsulate the relative va-
lidity period presented in the context. The primary
computational challenge of this approach is scale:
a single document can yield hundreds or thousands
of atomic facts. Sequential processing of each fact
for 5-tuple extraction, followed by entity/relation
and temporal resolution, becomes time-consuming.
To address this challenge, ATOM employs a parallel
architecture for both extraction and merging phases,
as detailed in the subsequent modules.

3.2.2 Module-2: Atomic TKGs construction
5-tuples are extracted from each atomic fact in par-
allel using an LLM, producing atomic TKGs Gti
while embedding nodes and relations following
(Lairgi et al., 2024). To facilitate temporal res-
olution in Module-3, ATOM preprocesses 5-tuples
during their extraction. It prevents separate quintu-
ples describing the same temporal fact from co-
existing in the same TKG such as (John_Doe,
is_ceo, X, [01-01-2025], [.]) and (John_Doe,
is_no_longer_ceo, X, [01-01-2026], [.]), which
should be resolved into (John_Doe, is_ceo, X, [01-
01-2025], [01-01-2026]). During the extraction,
few-shot examples are provided as context to the
LLM to transform end validity facts into affirmative
counterparts while modifying only the tend time.
For instance, the statement John Doe is no longer
the CEO of X on 01-01-2026 is converted into the
5-tuple (John_Doe, is_ceo, X, [.], [01-01-2026]),
ensuring direct matching with the corresponding
validity start time 5-tuple during the merge. For
relative temporal expressions (e.g., ’a month ago’),
the observation time is provided as context, en-
abling the LLM to infer the validity period.

3.2.3 Module-3: Parallel atomic merge of
TKGs and DTKG update

ATOM then employs the binary merge algorithm (Al-
gorithm A.1 in the Appendices) to merge pairs of
atomic TKGs. The algorithm proceeds in three
phases: first, entity resolution searches for exact
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Figure 2: Example overview of ATOM’s pipeline. It begins with atomic fact decomposition, followed by the
extraction of atomic TKGs from these facts, which are then merged in parallel. When an incoming update arrives,
ATOM handles the temporal resolution by transforming the end action into the affirmative part while modifying only
the tend, then merges the resulting atomic TKG with the existing DTKG.

matches between Gti and Gti+1 based on name and
label. When no exact match exists, cosine similar-
ity is computed, merging entities if similarity ex-
ceeds θE . Second, relation resolution merges rela-
tion names regardless of endpoints and timestamps
(e.g., owns←→ possesses←→ has) using thresh-
old θR. Third, temporal resolution merges observa-
tion and validity time sets for relations with similar
(es, rp, eo), detecting and aligning end-action facts
with their corresponding beginning facts. Unlike
Graphiti, ATOM avoids LLM calls during merging,
improving scalability and preventing context over-
flow as the graph expands. The preprocessing of
end-actions during extraction enables this LLM-
independent merging approach. Subsequently, the
binary merge function is extended to handle the
entire set of atomic TKGs through iterative pair-
wise merging in parallel until a single consolidated
TKG is obtained (Algorithm A.2 in the Appen-
dices). Atomic TKGs are organized into pairs, with
each pair merged in parallel. If the number of
TKGs is odd, the remaining TKG carries forward
to the next iteration. This process continues itera-
tively, reducing the number of TKGs at each step,
until convergence to a single merged TKG. This
parallel strategy scales with the number of avail-
able threads and addresses the computational chal-
lenge from Module-1, enabling ATOM to maintain
low latency while preserving the exhaustivity and
stability benefits of atomic decomposition. After
the merge of all atomic TKGs, the snapshot Gts is
obtained, and it is merged with the previous DTKG
Gt−1 using Algorithm A.1 to yield the DTKG up-
dated at t, Gt.

4 Experiments

Our evaluation addresses the following research
questions:

RQ1: How does exhaustivity deteriorate as the LLM
context increases, and what degree of infor-
mation loss could occur?

RQ2: How does ATOM’s atomic fact decomposition
enhance stability, exhaustivity, and improve
the quality of the 5-tuples?

RQ3: How does ATOM scale with the number of
atomic facts provided as input, and what is its
time complexity compared to baseline meth-
ods?

RQ4: How does ATOM perform on DTKG construc-
tion consistency compared to baseline meth-
ods?

4.1 Metrics

To assess (C1), the performance is evaluated at
two levels: factual and factual-temporal. Given
a gold-standard KG, factual true positives (TPf )
denote correctly extracted triplets, false negatives
(FNf ) refer to triplets that exist in the source but
are missing from the extracted KG (omission),
and false positives (FPf ) represent unsupported
triplets (hallucination). These definitions are ex-
tended to the factual-temporal level for 5-tuples
(es, rp, eo, tstart, tend). A 5-tuple is considered valid
only if it exhibits correctness at both the factual and
temporal levels. Hence, the factual-temporal true
positives TPf,t are 5-tuples whose tstart and tend are
both correct. Consequently, TPf,t ⊆ TPf .
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Exhaustivity (RQ1 & RQ2). The exhaustivity
or recall is reported at two levels of strictness. The
exhaustivity of the factual component:

Rf =
|TPf |

|TPf |+ |FNf |
(6)

The exhaustivity of the factual-temporal compo-
nent Rf,t is computed analogously with |TPf,t| in
the numerator. It measures the proportion of the
total gold standard 5-tuples that are both factually
and temporally correct.

5-tuples quality (RQ2). It is assessed through
Recall, Precision, and F1-score. The precision of
the factual component:

Pf =
|TPf |

|TPf |+ |FPf |
(7)

The precision of the factual-temporal compo-
nent Pf,t is computed similarly to Pf with |TPf,t|
in the numerator. It measures the proportion of
all extracted 5-tuples that are both factually and
temporally correct. The F1,f and F1,f,t scores are
computed as the harmonic means of their respective
precision and recall metrics.

Stability (RQ2). It is measured using the Jaccard
similarity between the 5-tuple sets obtained across
independent runs. Let s(1) denote the set of 5-
tuples obtained during the baseline run (RUN 1)
and let s(r) denote the set of 5-tuples obtained at
repetition r. Formally, the stability score Sr is
computed as:

Sr = J
(
s(1), s(r)

)
=

∣∣s(1) ∩ s(r)
∣∣

∣∣s(1) ∪ s(r)
∣∣ (8)

This score is computed for repetitions r = 2, 3.

Time complexity (RQ3). Time complexity is
evaluated by progressively increasing the number
of atomic facts provided as input and measuring
the total wall-clock latency required to construct
the complete DTKG.

DTKG consistency (RQ4). For entity/relation
resolution, the false discovery rate (1-precision) is
defined in (Lairgi et al., 2024). Since they over-
look recall and F1-score, we extend the evaluation
to include precision (P ), recall (R), and F1-score
for both entity resolution (ER) and relation reso-
lution (RR), denoted as MetricER and MetricRR,
respectively. For temporal resolution, a qualitative
comparison is provided.

4.2 Datasets and baseline methods

Identifying a suitable and publicly available dataset
for evaluating temporal extraction remains a signif-
icant challenge due to the task’s specific structural
requirements. While DocRed (Yao et al., 2019)
is a standard benchmark for relation extraction, it
is largely unsuitable for temporal analysis owing
to documented labeling inconsistencies (Tan et al.,
2022). Although TempDocRed (Zhu et al., 2025)
introduces temporal layers, its scope remains lim-
ited, focusing exclusively on named entities and
event start dates. Furthermore, the CS-GS and
Music-GS datasets (Kabal et al., 2024), lack the
necessary temporal dimensions. Consequently, this
study adopts the NYT News dynamic and temporal
dataset (Singh, 2023), which provides extensive
temporal coverage through two million lead para-
graphs spanning from 2000 to the present. News
articles provide diverse temporal dynamics, includ-
ing events with specific start and end times, evolv-
ing situations, and relative temporal expressions
that are representative of many real-world scenar-
ios requiring TKG construction. From this dataset,
the 2020-COVID-NYT subset comprising 1,076
articles that focus on COVID-19 dynamics during
2020 is extracted. This subset is enriched with
human-verified atomic facts and 5-tuples. Publica-
tion dates are used as observation dates. Compre-
hensive details regarding the annotation guidelines,
observation time modeling, and dataset statistics
are provided in the Appendices (Sections E, D,
and Table T.1). To the best of our knowledge, an
approach for resolving duplicate entities and rela-
tions while maintaining KG consistency among the
SOTA methods for zero- and few-shot KG construc-
tion is supported only by iText2KG and Graphiti.
The temporal aspect is handled by Graphiti only.
Hence, it is the primary comparator of ATOM. In
all experiments, the temperature is set to 0 to pre-
fer deterministic outputs and minimize stochastic-
ity. text-embedding-large-34 is used for em-
beddings. θE = 0.8 and θR = 0.7 are estimated
following (Lairgi et al., 2024) (details are in Sec-
tion C in the Appendices).

4.3 Exhaustivity deterioration in longer
contexts

Exhaustivity is evaluated by iteratively
concatenating lead paragraphs (increas-

4https://platform.openai.com/docs/models/
text-embedding-3-large
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ing context size) and testing five SOTA
LLMs claude-sonnet-4-2025-01-315,
gpt-4o-2024-11-206, mistral-large-24117,
gpt-4.1-2025-04-148, o3-mini-2025-01-319.
Figure 3 shows a clear "forgetting effect". A
decreased factual and factual-temporal exhaus-
tivity as token count increases across all models
except claude-Sonnet-4-2025-01-31, which
maintains the highest exhaustivity for atomic
facts but degrades for 5-tuples. This indicates
that LLMs prioritize salient facts in longer texts.
Moreover, all models show higher exhaustivity for
atomic fact decomposition than 5-tuple extraction.
Atomic facts require surface-level parsing, while
5-tuples demand deeper semantic understanding of
entities, relationship identification, and temporal
extraction (tstart, tend). This added complexity
causes greater information loss. To mitigate
information loss in the atomic fact decomposition,
we empirically determine the optimal chunk
size at < 400 tokens to keep the exhaustivity
> 0.8. For subsequent evaluations, we use
claude-sonnet-4-2025-01-31 for atomic fact
decomposition based on its superior performance.
For 5-tuple extraction, both gpt-4.1-2025-04-14
and claude-sonnet-4-2025-01-31 perform
comparably, hence gpt-4.1-2025-04-14 is used
due to its lower cost. Section 4.5 evaluates
exhaustivity gains from using atomic facts as input.

4.4 TKG stability

Rerunning the same prompt multiple times leads to
variations in output. To evaluate the stability score,
5-tuples are initially extracted from both atomic
facts (denoted as (F) in Table 1) and lead para-
graphs individually, establishing a baseline named
Run 1. This extraction process is subsequently re-
peated twice more without altering any parameters.
As shown in Table 1, the 5-tuple sets extracted from
atomic facts exhibit high Jaccard similarity with
the baseline across runs. In contrast, the extraction
from lead paragraphs demonstrates significantly
lower overlap, revealing high variability. This ad-
dresses (C2) and reflects the effect of atomic facts
in maintaining a stable construction of TKGs with

5https://docs.claude.com/en/docs/about-claude/
models/overview

6https://platform.openai.com/docs/models/
gpt-4o-2024-11-20

7https://docs.mistral.ai/getting-started/
models/models_overview/

8https://openai.com/index/gpt-4-1/
9https://openai.com/index/openai-o3-mini/
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(b) Exhaustivity of the 5-tuple extraction
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gpt-4o-2024-11-20
mistral-large-2411

o3-mini-2025-01-31
gpt-4.1-2025-04-14

Factual
Factual-Temporal

Figure 3: Exhaustivity vs. token count as context for (a)
the atomic fact decomposition (b) the 5-tuple extraction.
The x-axis displays the context size (lead paragraphs)
only; total input size includes additional system prompt
tokens (∼1.4k for (a) and ∼1.7k for (b)).

a gain of ∼ 33%.

Table 1: Stability Sr evaluated by rerunning the 5-tuple
extraction process multiple times without any modifi-
cations, using gpt-4.1-2025-04-14 with Run 1 as a
baseline. The extraction is performed on (F) atomic
facts and (L) lead paragraphs.

Dataset Run 2 Run 3

2020-COVID-NYT (F) 0.552 ± 0.124 0.534 ± 0.12
2020-COVID-NYT (L) 0.212 ± 0.181 0.218 ± 0.195

4.5 The exhaustivity and quality of the
5-tuples

5-tuples are extracted from both atomic facts (de-
noted as (F) in Table 2) and lead paragraphs (L).
As shown in Table 2, ATOM significantly outper-
forms the baseline in exhaustivity, with factual re-
call Rf increasing by ∼ 31% and factual-temporal
recall Rf,t by ∼ 18%. These gains lead to a sub-
stantial improvement in overall extraction qual-
ity, resulting in increased factual F1,f and factual-
temporal F1,f,t scores. Hence, atomic fact decom-
position effectively mitigates information loss, ad-
dressing (C1). However, this improved exhaustivity
presents a trade-off: a decrease in factual precision
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Pf of ∼ 9%. This occurs because the baseline (L)
acts conservatively, extracting only the most ob-
vious facts, whereas ATOM’s decomposition forces
the LLM to explicitize context. This process can
generate ’inferred’ atomic facts that are semanti-
cally plausible but not strictly present in the gold
standard, leading to false positives. Furthermore,
a marginal decrease of ∼ 1% in factual-temporal
precision Pf,t is observed. This is attributed to im-
perfections during the decomposition phase, where
the LLM may fail to assign temporal information
to certain atomic facts. Consequently, this error
propagates to the 5-tuple extraction. This trade-off
is discussed further in Section 6.

Table 2: 5-tuple quality metrics. The extraction is per-
formed on (L) lead paragraphs and (F) atomic facts.

Metric 2020-COVID-NYT (L) 2020-COVID-NYT (F)

Pf 0.667 ± 0.172 0.572 ± 0.128
Rf 0.405 ± 0.150 0.720 ± 0.143
F1,f -score 0.504 0.638

Pf,t 0.292 ± 0.182 0.281 ± 0.130
Rf,t 0.176 ± 0.123 0.354 ± 0.165
F1,f,t-score 0.220 0.313

4.6 ATOM’s time complexity
Given the demonstrated benefits of atomic fact
decomposition in improving exhaustivity and sta-
bility, all subsequent experiments utilize atomic
facts as input rather than lead paragraphs. All base-
line methods are run using gpt-4.1-2025-04-14.
ATOM employs 8 threads and a batch size of 40
atomic facts for 5-tuple extraction, which respects
OpenAI rate limits. iText2KG and Graphiti sep-
arate entity and relation extraction, increasing la-
tency. Graphiti’s incremental entity/relation res-
olution, which relies on the LLM, limits parallel
requests and significantly increases latency as the
graph expands. Similarly, iText2KG is incremental,
restricting parallel requests. Although iText2KG
uses a distance metric for resolution, reducing LLM
dependency, its separate extraction steps double the
number of LLM calls and induce isolated entities
that require further LLM iterations. Conversely,
ATOM’s architecture facilitates (1) parallel LLM
calls, (2) parallel merge of atomic TKGs, (3) LLM-
independent merging, and (4) temporal resolution.
This design reduces latency by 93.8% compared to
Graphiti and 95.3% compared to iText2KG (Fig-
ure 4). ATOM’s Module-3 accounts for only 13% of
its total latency, with the remainder attributed to
API calls, which can be further minimized through

either increasing the batch size (by upgrading the
API tier) or scaling hardware for local LLM de-
ployment.
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Figure 4: Latency comparison of the baseline methods
as a function of the number of atomic facts as input.

4.7 Consistency of ATOM’s DTKG construction
Table 3 shows that ATOM and iText2KG demonstrate
comparable entity and relation resolution perfor-
mance, as both employ a distance metric for merg-
ing. ATOM shows an improvement over Graphiti,
whose incremental, LLM-based entity and relation
resolution degrades with graph expansion (increas-
ing context size), which is consistent with findings
in Section 4.3. Beyond entity and relation resolu-
tion, temporal resolution reveals more significant
differences between ATOM and Graphiti. The ex-
amples in Figures F.2 and F.3 in the Appendices
illustrate atomic facts observed at different times
that refer to the same information but with differ-
ent validity periods. In these examples, Graphiti
creates separate relations for 5-tuples with differ-
ent validity periods (tstart, tend), while ATOM detects
these similar relations and extends their validity
period history. This temporal resolution serves two
functions: tracking events that naturally appear and
disappear over time, and matching relations with
only tstart or only tend to complete their validity pe-
riods as additional information becomes available.
Additionally, Graphiti incorporates validity periods
only and does not allow for observation time mod-
eling, treating observation time as tstart. This can in-
duce errors. For example, if a news article observed
on "January 23, 2020" states "The mysterious res-
piratory virus spread to at least 10 other countries,"
Graphiti would set tstart = 23-01-2020, while the
statement does not specify a validity period and
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the true validity could be weeks or days before its
publication. In contrast, ATOM separately models
observation time and validity periods, allowing it
to recognize atomic facts without a validity period
and avoid incorrect temporal assignments (Exam-
ple in Figure F.1 in the Appendices).

Table 3: Performance on DTKG construction.

Metric ATOM Graphiti iText2KG

PER 0.994 0.967 0.974
RER 0.993 0.952 0.980
F1,ER-score 0.994 0.959 0.977

PRR 1 0.917 0.991
RRR 1 0.888 0.988
F1,RR-score 1 0.902 0.989

5 Conclusion

In this paper, we presented ATOM, a few-shot and
scalable approach for constructing and dynamically
updating TKGs from unstructured texts. Experi-
mental results indicate that ATOM’s atomic fact de-
composition effectively addresses the exhaustivity
and stability challenges often observed in LLM-
based TKG construction methods. Its parallel archi-
tecture accelerates TKG construction and enables
scalability for larger unstructured texts. Potential
directions for future work include quantitative eval-
uation of temporal resolution and fine-tuning an
LLM specifically for refining atomic fact decom-
position. In summary, ATOM enables fast and con-
tinuous updates of TKGs.

6 Limitations

ATOM has some limitations that warrant considera-
tion. First, the atomic fact decomposition can in-
troduce error propagation: the LLM may generate
inferred facts not present in the source text, leading
to increased hallucination, and may fail to properly
assign temporal information to atomic facts, result-
ing in a decrease in the factual-temporal precision
(Section 4.5). A potential improvement consists
of fine-tuning an LLM model specifically for this
task. Second, the distance-metric-based merging
approach, while scalable and efficient, can occa-
sionally merge semantically distinct named enti-
ties that exhibit high similarity (e.g., gpt-5:model
and gpt-3.5:model). A supervised entity/relation
resolution classifier trained on labeled entity pairs
could replace the threshold-based approach. Third,
ATOM entails higher costs than direct extraction (Ta-

ble T.2 in the Appendices) due to the added de-
composition step and the increased output tokens
required to maintain high exhaustivity. This cost
could be mitigated by using or fine-tuning open-
weight models specifically for extracting 5-tuples
from atomic facts.

7 Ethics statement

We utilized AI assistants exclusively for grammat-
ical corrections and text polishing. All scientific
claims, experimental designs, and original ideas
are solely those of the authors.
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A ATOM’s algorithms

ATOM’s framework is based on two main algorithms,
presented below: Algorithm A.1 for merging pairs
of TKGs and Algorithm A.2 for parallelizing the
merge of lists of TKGs.

B Example of the atomic fact
decomposition

Example: (Observed in 01-01-2025) On June 18,
2024, Real Madrid won the Champions League
final with a 2-1 victory. Following the triumph, fans
of Real Madrid celebrated the Champions League
victory across the city.

• Real Madrid won the Champions League final
match on June 18, 2024. (Observation tobs =
[01 − 01 − 2025], tstart = [18 − 06 − 2024],
tend = [.])

• The Champions League final match ended
with a 2-1 victory for Real Madrid on June 18,
2024. (Observation tobs = [01− 01− 2025],
tstart = [18− 06− 2024], tend = [.])

• Fans of Real Madrid celebrated the Cham-
pions League final match victory across the
city on June 18, 2024. (Observation tobs =
[01 − 01 − 2025], tstart = [18 − 06 − 2024],
tend = [.])

C Estimating the merging thresholds

The merging thresholds θR and θE were estimated
by (Lairgi et al., 2024), based on the mean cosine
similarity of 1,500 pairs of similar entities and rela-
tion names generated by gpt-4-061310; however,
because entity typology is not considered, a hy-
brid similarity measure is proposed, combining the
entity name embedding and the entity label embed-
ding as: λ · embeddingsname+β · embeddingslabel.
Using this measure, 1,200 pairs of similar entities
incorporating typology were generated, and λ is
optimized to maximize the resulting cosine simi-
larity, after which it is determined that λ = 0.8,
β = 0.2, and θE = 0.8, while θR = 0.7 is retained
as previously estimated in (Lairgi et al., 2024).

10https://platform.openai.com/docs/models/
gpt-4

D Observation time modeling

Modeling the observation time is essential both for
capturing the dynamism of the TKG and for infer-
ring relative times. For historical or retrospective
unstructured text streams (e.g., past news articles
or archive documents), the observation time should
correspond to the original publication time rather
than the time at which the document was processed
and ingested into the DTKG. This distinction is es-
sential for preserving the correct temporal ordering
of events and enabling reliable inference of relative
times.

Conversely, for prospective or continuously mon-
itored sources, where data is ingested automatically
as it becomes available, the observation time can
be treated as the ingestion time. In such settings,
ingestion reflects the earliest feasible moment at
which the information could be known by the sys-
tem.

The granularity of observation time is
application-dependent and may be defined accord-
ing to user requirements. For instance, COVID-19
news was simulated using daily observation
snapshots, whereas social media streams may
require a per-post snapshot.

E Annotation guidelines for
2020-COVID-NYT

The ground truth for the 2020-COVID-NYT dataset
was constructed through a two-step semi-manual
annotation process utilizing the Claude Sonnet 4
chat model with extended thinking11. We selected
this model after observing its superior performance
on a small subset of lead paragraphs compared to
other available SOTA LLMs. Human annotators
supervised the process, provided with the lead para-
graph and an associated observation date (tobs), and
were instructed to follow the guidelines detailed
below.

E.1 Phase 1: atomic fact decomposition

In this phase, the model decomposed complex para-
graphs into atomic, self-contained, and temporally
grounded statements. Annotators were tasked with
verifying and correcting the exhaustivity of the de-
composition, ensuring the absence of hallucina-
tory facts, and validating the correctness of validity
times for temporal facts, strictly following these
guidelines:

11https://claude.ai/
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Algorithm A.1 Binary Merge of TKGs
1: function BINARYMERGE(TKG1 = (E1,R1), TKG2 = (E2,R2), θE , θR)

// —— Entity Resolution —— //
2: Initialize mapping M ← ∅
3: for all entity e ∈ E1 do
4: if there exists e′ ∈ E2 such that e.name = e′.name and e.label = e′.label then
5: M(e)← e′

6: else
7: Compute s← max

e′∈E2

cos
(
e.v, e′.v

)
▷ Cosine similarity of e and e’ embeddings

8: Let e∗ ← arg max
e′∈E2

cos
(
e.v, e′.v

)

9: if s ≥ θE then
10: M(e)← e∗

11: else
12: M(e)← e
13: end if
14: end if
15: end for
16: Emerged ← E2 ∪ {e |M(e) /∈ E2}

// —— Relation’s Name Resolution —— //
17: Rupdated

1 ← ∅
18: for all relation r ∈ R1 do
19: Update endpoints: r.startEntity←M(r.startEntity), r.endEntity←M(r.endEntity)

20: Compute sr ← max
r′∈R2

cos
(
r.v, r′.v

)
▷ Cosine similarity of r and r’ names embeddings

21: Let r∗ ← arg max
r′∈R2

cos
(
r.v, r′.v

)

22: if sr ≥ θR then
23: Update names: Update r.name← r∗.name
24: end if

// —— Temporal Resolution —— //
25: if there exists r′ ∈ R2 such that r is similar to r′ then

// For similar relations, their times are merged
26: Update start time: r′.tstart ← r′.tstart ∪ r.tstart
27: Update end time: r′.tend ← r′.tend ∪ r.tend

28: Update observation time: r′.tobs ← r′.tobs ∪ r.tobs
29: end if
30: Rupdated

1 ← Rupdated
1 ∪ {r}

31: end for
32: Rmerged ←R2 ∪Rupdated

1

33: return (Emerged,Rmerged)
34: end function

Atomicity: Compound sentences must be split.
Each atomic fact must contain exactly one piece of
information. Redundancies and duplicated infor-
mation were removed.

Decontextualization: Facts must be understand-
able in isolation. Pronouns (e.g., "he", "it") were
replaced with full entity names, and necessary mod-
ifiers were included.

Temporal normalization: All relative time ref-
erences were converted to absolute dates based on
the tobs. For example: Today→ exact tobs; Yes-
terday→ tobs − 1 day; Last week→Monday of
the week preceding tobs; This year → January
1st of the tobs year.

End actions: If the text indicated the end of a
role or action (e.g., "leaving a position"), the termi-
nation was captured along with its specific times-

tamp.

E.2 Phase 2: 5-tuple extraction
In the second phase, the model extracted temporal
5-tuples (es, r, eo, tstart, tend) from the atomic facts
generated in Phase 1. Similarly, annotators verified
and corrected the extracted tuples for exhaustiv-
ity, factual accuracy, and strict temporal validity,
ensuring adherence to the following guidelines:

Entity Annotation Entities were defined as dis-
tinct concepts (e.g., Person, Organization, Position).
Dates were strictly excluded from entity mentions
(they are reserved for temporal arguments).

Relationship and temporal annotation Rela-
tions were extracted to capture the interaction be-
tween entities, with strict temporal rules:

• Canonical present tense: All relation names
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Algorithm A.2 Parallel Merge of TKGs
1: function PARALLELMERGE(TKGs, θE , θR)
2: Input: A list of temporal knowledge graphs

TKGs = {TKG1, TKG2, . . . , TKGn}

3: current← TKGs
4: while |current| > 1 do
5: mergedResults← ∅
6: Let n← |current|
7: Form pairs:

pairs← { (current[2i], current[2i+ 1]) | 0 ≤ i < ⌊n/2⌋ }
8: if n is odd then
9: leftover ← current[n− 1]

10: else
11: leftover ← null
12: end if
13: for all each pair (TKGa, TKGb) in pairs in parallel do
14: merged← BINARYMERGE(TKGa, TKGb, θE , θR)
15: Add merged to mergedResults
16: end for
17: if leftover ̸= null then
18: Add leftover to mergedResults
19: end if
20: current← mergedResults
21: end while
22: return current[0]
23: end function

were annotated in the present tense (e.g.,
is_CEO, works_at) regardless of whether the
event was past, present, or future. This en-
hances semantic consistency across the TKG.

• Validity periods: Temporal information was
mapped strictly to tstart (validity start) and tend
(validity end) based on the absolute dates re-
solved in Phase 1.

– Affirmative actions (e.g., "became CEO")
populated tstart.

– End actions (e.g., "is no longer the
CEO") populated tend, while the relation
name remained in the affirmative (e.g.,
is_CEO).
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Table T.1: 2020-COVID-NYT Statistics Analysis. We use lead paragraphs as they encapsulate the article’s key facts,
while the full article text is often unavailable in research datasets due to licensing restrictions and would introduce
unnecessary verbosity without proportional information gain.

Metric Value

Basic Dataset Information

Total Articles 1,076
Grouped Articles (by pub. date) 274
Average Tokens per Group 206 ± 156
Date Range 2020-01-09 to 2020-12-30

Atomic Facts Analysis

Total atomic facts 4,223
Atomic facts with validity time 2,037
Atomic facts without validity time 2,186

Knowledge Graph Structure

Total 5-tuples 7,210
Number of atomic TKGs 4,223
Avg number of 5-tuples per atomic TKG ∼ 2

Table T.2: Cost and token usage analysis on the 2020-COVID-NYT dataset. (L) denotes direct extraction from
Lead paragraphs. (F) denotes the full ATOM pipeline, broken down into Module-1 (atomic fact decomposition) and
Module-2 (5-tuple extraction from atomic facts).

Direct Extraction ATOM (F)

Metric (L) Module-1 Module-2 Total

Token Usage Statistics

Total Input Tokens 271,108 237,192 285,618 522,810
Total Output Tokens 83,757 38,646 217,110 255,756
Avg Input per Article 2,222 1,944 2,341 4,285
Avg Output per Article 687 317 1,780 2,096

Estimated Cost (USD)

claude-sonnet-4-2025-01-31 $1.04 $0.64 $2.06 $2.70
gpt-4.1-2025-04-14 $0.61 $0.40 $1.15 $1.55
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Figure F.1: Two DTKGs constructed using ATOM and Graphiti from 09-01-2020 (in UNIX, 1578524400) to 23-01-
2020 (in UNIX, 1579734000) from 2020-COVID-NYT dataset. Left (ATOM): Preserves observation times (tobs)
separately from validity periods, with timestamps encoded in UNIX format to eliminate overhead associated with
string parsing operations and timezone conversion calculations. Right (Graphiti): Treats observation time as
validity start time. valid_at corresponds to tstart in Graphiti’s time modeling. The highlighted fact “The mysterious
respiratory virus spread to at least 10 other countries” is observed on 23-01-2020, but this does not guarantee the
spread occurred at that time. ATOM’s dual-time modeling prevents such temporal misattribution.
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temporal resolution by detecting similar relations and extending their validity period history (tend in the figure).
Right (Graphiti): creates separate relations for each atomic fact, resulting in duplication. Moreover, Graphiti
misinterprets “By January 24, 2020” and “By January 27, 2020” as validity start times rather than validity end
times, leading to temporal misattribution.
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Figure F.3: Temporal resolution comparison between ATOM and Graphiti. Two atomic facts observed on different
dates (April 16 and April 19, 2020) describe protest activities during two time periods (“the week of April 13” and

“the week of April 19”). Left (ATOM): merges similar relations and extend their validity periods (tstart and tend in the
figure). Right (Graphiti): maintains separate relations for each atomic fact. Moreover, Graphiti fails to translate

“In the week of April 13, 2020” and “In the week of April 19, 2020” into proper validity periods as ATOM does.
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