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Abstract
Arabic historical books and archival materials contain rich accounts of political, social, and cultural events, yet they
remain largely underutilized computationally due to the scarcity of dedicated Arabic information extraction tools.
The challenge is amplified in long-form, scanned historical documents, where optical character recognition noise,
orthographic variation, and complex narrative structures complicate automatic processing. In this paper, we present
Tarikhi, a retrieval-augmented generation framework for structured temporal event extraction from Arabic scanned
books. The proposed pipeline integrates high-accuracy optical character recognition, chunking-based processing
for long-document handling, Arabic named entity recognition, span refinement, and a retrieval-enhanced attribute
extraction module that identifies event dates, locations, and descriptive summaries. Extracted events are consol-
idated and linked using semantic and temporal similarity measures, and linked through relation classification to
construct structured temporal events. Evaluation on a selected part of modern Arabic historical books demonstrates
the feasibility of temporal event extraction from long-form Arabic texts, achieving a 75.3% F1-score under dual
human verification. Tarikhi represents a step toward scalable temporal knowledge construction for Arabic digital
humanities resources.

Keywords: Temporal Event Extraction, Arabic Natural Language Processing, Retrieval Augmented Genera-
tion, Long-form Document Processing

1. Introduction

The rapid digitization of historical Arabic archives
has generated vast information repositories, creat-
ing new opportunities for computational analysis
of cultural and historical knowledge. Automated
information extraction systems are increasingly
needed to transform unstructured historical docu-
ments into structured representations that support
search, analytics, and scholarly research. Event
extraction is the task of identifying structured de-
scriptions of events from unstructured text, it has
emerged as a fundamental component of mod-
ern information extraction pipelines and is widely
applied across domains such as historical analy-
sis, knowledge base construction, and digital hu-
manities research (Zhang and Han, 2025; Huang
et al., 2024). However, extracting temporal events
from historical sources remains challenging due to
linguistic ambiguity, narrative complexity, and the
need to reason across long textual contexts.

Recent advances in large language models and
retrieval-augmented generation (RAG) architec-
tures have demonstrated strong capabilities in con-
textual reasoning and knowledge-intensive tasks
by integrating retrieval mechanisms with genera-
tive models (Krasadakis et al., 2024). In event tem-
poral relation extraction and related tasks, retrieval-
augmented approaches have shown promise in
improving performance by incorporating external
knowledge and contextual evidence (Zhang et al.,
2024). The above-mentioned research predomi-
nantly focuses on English and a limited set of high-

resource languages, leaving a significant gap in
tools designed for low-resource languages, specif-
ically for Arabic historical materials.

Arabic historical resources present unique chal-
lenges for computational analysis and event ex-
traction due to its rich morphology, orthographic
variability, and limited availability of annotated re-
sources, particularly for specialized tasks such as
temporal event extraction (Darwish et al., 2021;
Alayba, 2025). Existing studies highlight the
scarcity of datasets and models tailored to Ara-
bic event extraction and emphasize the need for
domain-specific approaches that address linguis-
tic and resource limitations (Alayba, 2025; Aljabari
et al., 2024a). Previous work has explored in-
formation extraction from Arabic manuscripts, fo-
cusing mainly on classification or basic informa-
tion extraction rather than comprehensive tempo-
ral event modeling (Bashir et al., 2023). Conse-
quently, there is a pressing need for solutions that
can efficiently extract structured historical events
from Arabic resources while leveraging modern re-
trieval and language modeling techniques.

This paper proposes a retrieval-augmented gen-
eration (RAG) framework designed specifically for
temporal event extraction from Arabic long-form
historical sources. The proposed system ingests
textual resources, including books, and archives
in PDF format, transcribes them into text and in-
tegrates these resources into a retrieval-driven
pipeline that enhances contextual understanding
and enables efficient extraction of temporal histori-
cal events. The paper is organized as follows: Sec-
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tion 2 reviews related work, section 3 outlines the
methodology, section 4 demonstrates system re-
sults at different components of the system and
system evaluation, sections 5 discussion and sec-
tion 6 outlining limitations of the work.

2. Related Work

Temporal Information Extraction (TIE) is the pro-
cess of identifying temporal expressions in natu-
ral language text and extracting the temporal rela-
tions between events and time expressions. The
date and time associated with a temporal expres-
sion constitute essential identifiers of a tempo-
ral event, enabling structured temporal reasoning
over text. Identifying temporal relations between
events (e.g., before, after, includes) and anchor-
ing them to temporal expressions facilitates the
construction of timelines in which events are or-
ganized according to their temporal dependencies
(Leeuwenberg and Moens, 2018).

Early research on temporal processing was
strongly influenced by the TimeML specification
(Pustejovsky et al., 2003), which introduced a
standardized annotation schema for events, tem-
poral expressions (TIMEX3), and temporal links
(TLINKs). Shared tasks such as TempEval (Ver-
hagen et al., 2007; UzZaman et al., 2013) and
Clinical TempEval (Bethard et al., 2015) played
a pivotal role in establishing benchmarks for tem-
poral expression extraction, event detection, tem-
poral relation classification, and temporal anchor-
ing. Although temporal expression extraction
has sometimes been framed as a sub-task of
Named Entity Recognition (NER), it has evolved
into a distinct research trajectory due to the ad-
ditional requirements of normalization, temporal
reasoning, and cross-sentence relation modeling
(Wong et al., 2005). Subsequent research has ad-
vanced temporal expression extraction (Filannino
and Nenadić, 2015), temporal annotation frame-
works and corpora construction (D’Souza and Ng,
2014; Mostafazadeh et al., 2016), and temporal
disambiguation and reasoning techniques, includ-
ing recent self-supervised and neural approaches
(Wenzel and Jatowt, 2023; Cai et al., 2023).

The rise of deep learning has significantly
improved performance on temporal tasks.
Transformer-based language models such as
BERT have been adapted for event detection and
temporal relation classification (Devlin et al., 2019;
Ning et al., 2019). Recent work has explored
graph-based neural models and global inference
mechanisms to improve temporal extraction
across documents (Leeuwenberg and Moens,
2018). Moreover, large-scale pretraining and
prompt-based learning have improved temporal
extraction in low-resource and domain-specific

scenarios (Cai et al., 2023).
TIE for Arabic has been mostly studied as a

subset of event extraction in general, and it has
been addressed by studies that have looked more
in general into named entity recognition, with few
exceptions (Saleh et al., 2011; Zaraket, 2012;
Lhioui et al., 2017). Several studies have focused
on developing dedicated corpora and annotation
schemes. ARA-Timex introduced two annotated
datasets compiled from WikiNews and news ar-
ticles to support temporal expression extraction
and normalization in Arabic (Boudaa et al., 2018).
AraTimeBank presented a revised Arabic TimeML
dataset that addressed limitations in earlier an-
notations and enriched the corpus to better sup-
port TIE tasks (Haffar et al., 2020). More recently,
the Wojood project has contributed substantially to
Arabic event and relation extraction. WojoodHadath

introduced an enhanced version of the Wojood
corpus enriched with event-argument annotations
(Aljabari et al., 2024b), while WojoodRelation fur-
ther extended the dataset with annotated event-
event relations, supporting structured temporal
and causal modeling (Aljabari et al., 2025). These
resources collectively advance the feasibility of
temporal event extraction pipelines in Arabic.

In parallel, transformer-based Arabic language
models have significantly improved performance
across core NLP tasks, including NER, which
forms a foundational component of temporal ex-
pression and event extraction. AraBERT demon-
strated competitive results on Arabic NER and
other downstream tasks without explicitly targeting
temporal extraction (Antoun et al., 2020). JABER
and SABER BERT models further improved upon
prior transformer-based models through large-
scale pretraining tailored to Arabic linguistic char-
acteristics (Ghaddar et al., 2022). The Wo-
jood benchmark established strong performance
on nested NER using transformer-based architec-
tures, providing an essential stepping stone for
fine-grained temporal and event extraction tasks
(Jarrar et al., 2022).

Despite the substantial strides made in event ex-
traction and NER in Arabic, temporal information
extraction and temporal information linking require
further exploration and development, specifically
in long form Arabic texts like books. To address
this gap, we introduce Tarikhi, a fully automated
pipeline for structured temporal information extrac-
tion from scanned Arabic historical documents.

3. Methodology

In this section, we describe the methodology
used to implement Tarikhi. The proposed
pipeline transforms documents into structured
event records containing event descriptions, dates,
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and locations, while also constructing semantic
links between events, such as SAME_AS and
RELATED_TO relations. Figure 1 provides a
high-level illustration of the pipeline components.
Scanned long-form resources are ingested and
using OCR are transcribed into text. The text is
preprocessed and chunked. Temporal events are
identified and refined using Silma-9B (AI, 2024).
RAG-based retrieval is employed to extract in-
formation from the document and then the ex-
tracted events are consolidated and linked using
SAME_AS and RELATED_TO relations.

Figure 1: High-Level Pipeline

3.1. Data Sources

To run and evaluate Tarikhi, we used two books,
the Arabic translation of the Hundred Years’ War
on Palestine by Rashid Khalidi, translation by
Amer Shaikhouni first edition 2021 (Khalidi, 2021),
and The 1967 War: Secrets and Mysteries by
Amin Howeidi, original text in Arabic, first edition
2006 (Amin Huwaidi, 2006). Both books were se-
lected for their dense references to political events,
dates, actors, and locations, which make them suit-
able for evaluating temporal event extraction.

3.2. Text Recognition and Cleaning

We evaluated multiple OCR approaches during
development, including the standard OCR en-
gine Surya (Contributors, 2024), LLM-based OCR
models such as Qari (Wasfy et al., 2025) and

DeepSeek OCR (Wei et al., 2025), and a hy-
brid voting-based approach that combined the out-
puts of the three models by selecting word tokens
through majority voting, while the Surya output
was used as a fallback when all three models pro-
duced different outputs. For the final pipeline con-
figuration, we selected the Surya OCR framework
(Contributors, 2024) after conducting a small eval-
uation by manually transcribing 20 randomly se-
lected pages, with 10 pages sampled from each
of the two source books. Each OCR model was
then run on the same pages and its generated
output was compared against the manually writ-
ten ground truth by computing alignment-based
character-level and word-level similarity scores us-
ing difflib.SequenceMatcher, Table 1 shows
the average results across the evaluated pages.

Model Character Accuracy Word Accuracy

DeepSeek 0.7449 0.8718
Qari 0.6760 0.9009
Surya 0.8592 0.9366
Hybrid 0.7746 0.8829

Table 1: Average OCR performance comparison
across evaluated models.

Surya OCR operates using a two-stage archi-
tecture: a text line detection model followed by a
text recognition model. The detection model iden-
tifies line-level text regions on each page in the
given document and returns cropped line image
segments that are stored locally. In the second
stage, each detected line image is processed indi-
vidually by the text recognition model and then con-
catenated to produce the Arabic text transcription.
A text cleaning stage was applied prior to chunk-
ing to enhance processing quality. The cleaning
method removes characters outside the Arabic let-
ter range with the exceptions of digits and a small
set of punctuation symbols (periods, hyphens, and
slashes) to preserve dates and references.

3.3. Chunking Strategy and
Embeddings Vector Space

To handle long documents within the context lim-
itations of large language models, we adopted a
tokenizer-based chunking strategy.

Each document is first tokenized using the same
tokenizer associated with the target LLM; the exact
one we used is silma-9b, and the token sequence
is segmented into fixed-size chunks of 256 tokens
with an overlap of 50 tokens between consecutive
windows.

For semantic retrieval, each text chunk is en-
coded into a dense vector representation using
the intfloat/multilingual-E5-large sentence em-
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bedding model (Wang et al., 2024), embeddings
were computed at the chunk level.

Each chunk is stored as a structured chunk ob-
ject containing:

• The chunk text.

• Its embedding vector.

• Metadata fields for subsequent event extrac-
tion outputs.

Consequently, all chunk embeddings are in-
dexed using a FAISS index, and similarity search
is performed in the embedding space using top-k
nearest neighbor queries. In the final configura-
tion, we set k = 6 to provide sufficient context to
the LLM without exceeding its context window.

3.4. Named Entity Recognition and
Event Detection

For each stored chunk object, an event recogni-
tion step is performed in two stages. First, the
events are triggered using Sinatools, a research-
based open-source Python library used for various
NLP tasks such as flat and nested Named Entity
Recognition (NER), fully-flagged Word Sense Dis-
ambiguation (WSD), Semantic Relatedness, Syn-
onymy Extractions and Evaluation, Lemmatization,
Part-of-speech Tagging, Root Tagging, and addi-
tional helper utilities (Hammouda et al., 2024). In
this study, we use their pre-trained Wojood NER
model to trigger the events from the predicted
tag sequence by merging spans that start with
B-EVENT, which describe the first word of the
event, and continue with I-EVENT which marks
the remaining of the event name unless the event
consists of a single word. This NER layer often
yields incomplete or generic event names in Ara-
bic.

To improve event name quality, we added an
LLM assisted refinement layer on top of NER
spans. For each extracted event span, we build
a short local context window consisting of 10 to-
kens before the span and 20 tokens after it, which
is then provided to the LLM as context. The LLM
SILMA-9B-Instruct-v1.0 (AI, 2024) takes the ex-
tracted event name, compares it with the context
window, and returns a normalized, more represen-
tative event name. The refinement step uses de-
terministic decoding with temprature set to 0.0.

3.5. Event Disambiguation and Attribute
Extraction

For each detected event, an event disambiguation
stage is applied to determine the event’s date, lo-
cation, and description. This stage uses retrieval-
augmented generation (RAG) with the LLM SILMA-
9B.

Each event is encoded using the same multilin-
gual embedding model used for chunk indexing,
the event vector is used to query the FAISS vec-
tor index to retrieve the top-6 most semantically
similar chunks. These retrieved chunks are then
concatenated with the source chunk from which
the event was originally triggered and provided as
context for the LLM.

The extracted context is then provided to
the LLM to extract specific attributes through
prompting. Separate prompts and calls have
been used for date, location, and description
extraction, prompts enforce strict JSON-only
responses with predefined schemas such as
{"date": "dd-mm-yyyy"} and {"location":
"<place>"}, and explicitly instruct the model to
rely only on the provided text context. For date
extraction, if no date is found, the model outputs
xx-xx-xxxx, if only part of the date is available,
missing components are replaced with xx. For lo-
cation extraction, the output is left blank when no
explicit location is found in the provided context.

The output of this stage is a structured event
record in which each event is associated with its
date, location, and description to be used and pro-
cessed for event-linking.

3.6. Event Linking
To form links between the extracted events, we
defined two edge types: SAME_AS, RELATED_TO.
Linking is performed in two stages: (1) merge du-
plicate mentions into event clusters via SAME_AS,
then (2) connect clusters with RELATED_TO.

3.6.1. SAME_AS clustering.

Given two event mentions ei and ej , we compute
a composite similarity score combining:

• Semantic similarity ssem: we concatenate
the event name and description, encode the
text using multilingual-e5-large, and
compute cosine similarity between the result-
ing embeddings.

• Temporal similarity stemp: when both men-
tions have valid dates, we compute an ex-
ponential decay over the absolute day differ-
ence,

stemp = exp
(
−∆t

τ

)
,

where τ = 180 days.

• Location similarity sloc: computed by fuzzy
location name matching.

The final score is computed using a weighted
combination of the available scores

s =
wembssem + wdatestemp + wlocsloc

wemb + wdate + wloc
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where wemb = 0.6, wdate = 0.3, and wloc = 0.1.
Two events are merged when their score is at least
0.9, This was a conservative threshold that was
set based on repeated observations, to only merge
events when there is a a very strong evidence of
their equivalence. When one of the scores is miss-
ing due to unavailable date or location, its weight
is omitted from both the numerator and denomina-
tor of the weighted score. After clustering, each
cluster node, represents one event that embodies
all SAME_AS events. The event represented by the
cluster node is summarized by a centroid embed-
ding computed as the mean of member embed-
dings, a representative date defined as the me-
dian of available dates, a representative location
defined as the most frequently mentioned location.

3.6.2. RELATED_TO Linking

RELATED_TO event edges are generated at the
cluster level which differs from the SAME_AS rela-
tions generation that rely on the original extracted
events. For each source cluster ci, we compute
cosine similarity between its event centroid embed-
ding and all other cluster centroids. RELATED_TO
candidate events are ranked by semantic similar-
ity, and evaluate them in descending order.

For a candidate pair (ci, cj) we compute:

• Semantic score ssem: cosine similarity of
centroid embeddings.

• Temporal proximity stemp: the same expo-
nential decay function applied to the absolute
difference between cluster median dates (set
to 0 if either date is missing), we use a decay
constant of τ = 365 days.

• Location score sloc: the same fuzzy match-
ing technique between the most frequently
mentioned locations of the two clusters.

These scores are combined as:

s = αssem + βstemp + γsloc.

where α = 0.7, β = 0.2, and γ = 0.1. A
RELATED_TO edge is added if s ≥ 0.75, we imple-
mented a lower threshold to allow graph to capture
semantically connected events without requiring
same-identity, we also increased the threshold for
semantic similarity in RELATED_TO relations since
related events are often connected through narra-
tive context even when their dates or locations dif-
fer.

3.7. System Evaluation
We selected three chapters from the two re-
sources; one chapter, 41 pages long, from The

Hundred Years War on Palestine, and two chap-
ters from The 1967 War, 16 and 15 pages re-
spectively . The system ingested each of the
chapters considering each of them as an inde-
pendent source. Each of the chapters was pro-
cessed, running all the elements of the system
pipeline described above. Two of the researchers
independently read the selected chapters before
seeing the extracted events by the system. The
two researchers created their own list of temporal
events from the selected chapters. Each of the
researcher matched the lists of human identified
temporal events with the system extracted tempo-
ral events. The intersection of the two researchers’
sets of identified correct temporal events was con-
sidered to be the correct set of extracted tempo-
ral events by the system, true positives. The set
of commonly identified events by the researchers
that were not extracted by the system were consid-
ered the missed set of extracted events or the false
negatives. The events that were extracted by the
system and were not identified by the researchers
was deemed mistaken events, and are considered
the false positives.

4. Results

Processing both resources Tarikhi extracted 944
events from 1077 text chunks, following SAME_AS
clustering these events were consolidated into
341 unique events nodes, with 601 RELATED_TO
edges.

4.1. System Results

4.1.1. LLM refinement

A critical stage in our system was the LLM refine-
ment step. This stage takes on the identified tem-
poral events from Wojood and refines the results
using an LLM. This refinement layer improves in-
complete or generic NER spans by providing the
LLM of an input of the surrounding text

Raw NER Span LLM-Normalized Event

اۏٺ݄؇ع واࠍ੅؇رۏ٭۰ اᄴᄟڣ؇ع ܳލޝون اܳـܝٷ྘ފب ࠯࠵࠾ٷ۰ اۏٺ݄؇ع
ਊಾ؇دلٍ اࠍ੆ڎود ଫଊ༟ اܳٷ؇ر ৕৑ޗఈఃق ؜ٷ٭ژ ਊಾ؇دلٍ
ොේࠕࠫ ݁ޝஓ஄ݠ ܳٴٷ؇ن ଫଃًوت ሒᇭ اܳـܝި݁ިدور ڣٷڎق ሒᇭ ොේࠕࠫ ݁ޝஓ஄ݠ

Table 2: Examples of LLM-based refinement of
NER event spans

Table 2 provides examples of LLM refinement:
”meeting” is refined using the context it was ex-
tracted from to ”meeting of Knesset committee for
foreign relations”, ”exchange” is refined to ”heavy
exchange of fire across the border”, ”press confer-
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ence ” is refined to ”press conference in the Com-
modore hotel in Beirut Lebanon”

4.1.2. Structured Events

The output of the system is a set of structured
events that are organized into four main attributes:
event, date, location, and description.

The following examples show the final struc-
tured event representation produced by Tarikhi.

Example 1 Event: ྘݁ފߺࠊن ᄎც݁أݠ
Date: 23-07-1920
Location: Syria
Description:
ሒᇭ واܳڰݠ૭૙٭۰ ۰ਃಸاܳأݠ اܳگިات ඔ൹ً ۰ᆙᆊ؇༡ ᄎც݁أݠ ೑಻Ⴄ၍ ྘݁ފߺࠊن ᄎც݁أݠ
ඔ൹٭૭૙اܳڰݠ ً؇ਐ಻ݱ؇ر واዛውᚶب ،1920 لިܳ٭ި

The example shows the extracted event
Maysalun battle, with its date and location, the
description extracted is The Battle of Maysalun
was a decisive battle between Arab and French
forces in July 1920, ending in a French victory.

Example 2 Event: ྵะިاܳފ රඞب
Date: 29-10-1956
Location: Egypt
Description:
ᄎცލ؇رஓ୾ 1956 أ܋ٺިߓߵ 29 ሒᇭ ࢻࣖأت ل۰ ୍ଲ؜ފ ᆇᅦܹ٭۰ ሒሃ ྵะިاܳފ රඞب
اዛውᚶب .ྵะިاܳފ ڢٷ؇ة ّ؊݁ࡗࡲ ؜گص ๤ཡ݁ ݪڎ ؇ਃ಻؇لޚ وߓߵ ؇૭૙وڣݠ إ๤ངاਃಮܭ
وأ༟؇دت ،ሒᇿدو ݪ؞ޔ ොູب ᄭᄥڢܹ٭ ؕਃಸ؇أݿ ఈః༠ل ل۰ ୍ଲاܳأފ اܳأ݄ܹ٭؇ت
ا৕৑ڢܹ٭݄٭۰. اܳگިى દઊ݁ިاز ൑ശ૰૜ܭ

This example’s event is Suez war or as it is
known in english literature, Suez crisis, with the
extracted location and date. The description pro-
vided by the system is The Suez War was a military
operation that began on October 29, 1956, involv-
ing Israel, France, and Britain against Egypt follow-
ing the nationalization of the Suez Canal. The mil-
itary operations ended within a few weeks under
international pressure, and reshaped the regional
balance of power.

4.1.3. Event Clusters

In some cases, the process of identifying repeated
extracted events is essential to reduce the clutter-
ing of outputted events drastically improving the
functionality of the system. These events were
associated to each other using the SAME_AS
link creating clusters of events that represent one
canonical event

Cluster A (Size = 18) Canonical Event: اܳټިرة
1939 -1936 ඔ൹ڣܹފޚ ሒᇭ ۰ਃಸاܳأݠ

Representative Variants:

• ඔ൹ڣܹފޚ ሒᇭ ܋ଫଊي ۰ਃಸਵ؜ ٔިرة

• اܳگި݁٭۰ اܳټިرة
• 1936 ݿٷ۰ اܳأ؇م ا๤ཚ৖৑اب
• 1939 -1936 ሒᇭ اܳـܝଫଊي اܳټިرة
• 1939 -1936 اਐ಻৖৑ڰ؇ݪ۰
• 1939 -1936 ٔިرة

This example shows a cluster of 18 extracted
events that all refer to the canonical event, the
Arab Revolt in Palestine (1936-1939). The clus-
ter includes variants such as Major Arab Revolt in
Palestine, The Great Revolt (1936-1939), and The
1936-1939 uprising.

Cluster B (Size = 42) Canonical Event: රඞب
1982 ܳٴٷ؇ن

Representative Variants:

• ይዧٴٷ؇ن ঌॻਃಮا๤ང৖৑ا اܳ؞ݞو
• ଫଃًوت ۋݱ؇ر
• ܳٴٷ؇ن اۏٺ٭؇ح
• ଫଃًوت ݆݁ اܳڰܹފޚ٭ྡྷ٭۰ اܳٺۜݠߌߵ ݁ٷޙ۰݄ ا༲૭૙؇ب
• 1982 ݿٷ۰ ܳٴٷ؇ن ਲ਼ؗو

This example show a cluster of 42 extracted events
that all represent the canonical event Lebanon war
1982. the cluster has variants like Israeli invasion
of lebanon, siege of Beirut , invasion of Lebanon,
the withdrwal of Palestine Liberation Organization
from Beirut, invasion of lebanon 1982

4.1.4. RELATED_TO Linking Examples

Another important element in the system is identi-
fying related events and linking them to each other.
Events are identified as referring to the same event
were first clustered and represented as a single
node, for each pair of candidate nodes, semantic
similarity, temporal proximity, and location similar-
ity were computed and combined into a weighted
relationship score. Event nodes with relationship
score greater than 75% were considered to be re-
lated events using the RELATED_TO relation.

The example in Table 3 shows the results of
RELATED_TO events linking step for one event
node 1948 war where it is linked to the following
events:The massive Zionist attack, the fall of Pales-
tinian towns and villages, the political and milliary
victory of Zionism, Displacement from their home-
land� Secret agreement to prevent the dispatching
of the Arabic army, The decision to partition Pales-
tine with relationship scores of 0.93, 0.91, 0.88,
0.88, 0.87, 0.87 respectively.
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Event: 1948 රඞب
Related event Score

اܳިاݿؕ ሒᇃި٭ዝཡܳا ا୒ୖ۠ިم 0.93
اܳڰܹފޚ٭ྡྷ٭۰ واܳگݠى اৎ৊ڎن ݿگިط 0.91
๴ང؇واܳފ٭ اܳأފଲ୍ي ۰ਃ಻ި٭ዝཡܳا اਐ಻ݱ؇ر 0.88
ܾዛዊوޗ ؜݆ ا଩଍ܳوح 0.88
ଫଊ༟ ሒᇀاܳأݠ اࠍ྘੊ݷ ارݿ؇ل ৎ৊ٷؕ ل۰ ๤ང اّڰ؇ڢ٭۰ 0.87
ඔ൹ڣܹފޚ ّگފࡗࡲ ڢݠار 0.87

Table 3: 1948 War Related Events

4.2. Evaluation
We selected three chapters from our resources
to evaluate the system’s output, one chapter (41
pages) from The Hundred Years War book and two
chapters (31 pages total) from the 1967 War book.
The evaluation method we used is designed to
evaluate the performance of the system as a whole.
The system processed the chapters independently
as separate sources. The system extracted 156
initial temporal events. Out of these initially ex-
tracted events 95 canonical events were identi-
fied. Two researchers used cross over verifica-
tion to identify correctly extracted temporal events
vs mistaken events, which included non-events
like names of individuals, or organizations, correct
events associated with wrong location, or wrong
date. Based on the researchers’ assessment 75
temporal events were identified as correct events
resulting with 78.8% recall, 72.1% precision and
75.3% F1-score.

5. Discussion

The results show that a layered RAG-based
pipeline can feasibly extract structured temporal
events from long-form Arabic historical texts, a
task that has not been addressed before in an end-
to-end manner. The 75.3% F1-score, while leav-
ing room for improvement, is encouraging consid-
ering the difficulty of processing scanned Arabic
books where OCR noise, orthographic variation,
and the absence of diacritics all add to the chal-
lenges of event identification and attribute extrac-
tion. A key design choice in Tarikhi is the use of
NER-based event triggering followed by LLM re-
finement, rather than relying on either component
alone. The NER model provides structured, re-
producible event spans, but often produces incom-
plete or overly generic names, as seen in Table
2. The LLM refinement layer addresses this by
grounding those spans in their surrounding con-
text, producing more descriptive and representa-
tive event names. This two-stage approach strikes
a balance between the reliability of a trained NER
model and the contextual reasoning of an LLM,

though it also means that events missed entirely by
the NER layer cannot be recovered downstream,
since the LLM only refines what the NER has al-
ready detected.

The SAME_AS clustering proved effective in
handling the repetitive nature of historical narra-
tives, where the same event is often mentioned
multiple times in different surface forms. The re-
duction of 944 raw event mentions to 341 canoni-
cal nodes illustrates just how much redundancy ex-
ists in long-form historical texts and highlights why
consolidation matters for producing usable struc-
tured output. The RELATED_TO linking adds fur-
ther value by surfacing thematic connections be-
tween events that would otherwise require exten-
sive manual reading to uncover. That said, rely-
ing on embedding-based similarity and fuzzy string
matching for linking means that events connected
through implicit or causal reasoning rather than
surface-level similarity may go undetected. The
fixed chunking strategy with 256-token windows
and 50-token overlaps worked well for the selected
resources, but historical texts with varying event
density across pages could benefit from adaptive
chunking strategies that take narrative structure
into account rather than relying on fixed token
counts.

Arabic-specific challenges remain a real factor in
system performance. The rich morphology of Ara-
bic means that the same event can appear in many
inflected forms, which complicates both NER de-
tection and embedding-based similarity. OCR er-
rors introduce additional noise that carries through
every downstream component, and while the text
cleaning step helps reduce some of this, it cannot
recover information that was lost during recogni-
tion. These challenges point to the ongoing need
for investment in Arabic-specific tools that can han-
dle the variability found in historical documents.

6. Limitations and future work

Tarikhi was evaluated on only two Arabic histori-
cal books, both centered on modern political his-
tory in the Middle East, which limits the generaliz-
ability of the reported results to other types of his-
torical texts that are less date and location heavy.
The evaluation methodology, while practical given
the absence of gold-standard annotated corpora
for long-form Arabic temporal event extraction, re-
lies on dual human verification by two researchers,
introducing potential subjectivity in what consti-
tutes a correct event, the granularity of a tempo-
ral event, an acceptable date, or a valid location.
Furthermore, the evaluation assessed the com-
plete pipeline output rather than the performance
of individual components, making it difficult to iso-
late specific bottlenecks or failure points within
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the pipeline; evaluating these components individ-
ually requires dedicated long-form annotated cor-
pora tailored to each task, such as book-level NER
annotations for event triggering assessment and
ground-truth event attributes for measuring RAG-
based date, location, and description extraction ac-
curacy, neither of which currently exist for Arabic
historical texts. Future work should expand the re-
source base to include a wider variety of Arabic his-
torical texts spanning different eras, and narrative
styles, and should develop dedicated annotated
benchmark corpora that enable both component-
level and end-to-end evaluation.

7. Broader Impact

Tarikhi is a system that takes on scanned Arabic re-
sources and enables structured temporal event ex-
traction from long-form texts like books and lengthy
articles. The proposed solution enables the cre-
ation of curated knowledge bases from selected
resources and provides a systematic way to ac-
cess and query historical temporal data. More
importantly, Tarikhi has the potential to unlock
the wealth of knowledge that lives in undigitized
Arabic-language books, making it computationally
accessible. This accessibility opens the door to
considering alternative historical narratives and in-
cluding perspectives that have been largely over-
looked in the digital age, contributing to a more
representative and diverse digital humanities land-
scape.
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