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Abstract. The escalating volume of textual data necessitates adept and
scalable Information Extraction (IE) systems in the field of Natural Lan-
guage Processing (NLP) to analyse massive text collections in a detailed
manner. While most deep learning systems are designed to handle textual
information as it is, the gap in the existence of the interface between a
document and the annotation of its parts is still poorly covered. Concur-
rently, one of the major limitations of most deep-learning models is a con-
strained input size caused by architectural and computational specifics.
To address this, we introduce ARElight', a system designed to efficiently
manage and extract information from sequences of large documents by
dividing them into segments with mentioned object pairs. Through a
pipeline comprising modules for text sampling, inference, optional graph
operations, and visualisation, the proposed system transforms large vol-
umes of text in a structured manner. Practical applications of ARElight
are demonstrated across diverse use cases, including literature processing
and social network analysis.
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1 Introduction

Information Extraction (IE) in the domain of Natural Language Processing
(NLP) involves a separate studies aimed on objects annotation (entities, events,
etc.) in texts [3, 15] and establishing connections between objects [4, 8]. IE finds
a significant application in text structurization, the knowledge base formation [2,
6]. One of the generalized concept for structuring raw texts is to form pipeline
of sequential text transformations, with relation extraction? as a module [7, 26].
Another alternative to the vast number of solution follows the concept of target-
oriented systems, aimed at applying specific machine learning architectures for
the given raw input [13, 18, 25]. However, once texts become larger or their
actual amount is massive, the direct application of these systems to the entire
text becomes: (i) less informative for result analysis [20], and (ii) less effective.

! https://github.com/nicolay-r/ARElight
2 http://deepdive.stanford.edu/relation_extraction
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Partitioning large texts [11] that conveyed relations between mentioned objects
represents a common solution for managing long-input problems in downstream
systems [16, 26]. In this paper, we propose ARElight that follows bridges the gap
in processing of large documents. Our system contributes by offering a scalable
relation annotations, surpassing the similar slot-filling systems for processing
large collections instead of single documents [11]. We demonstrate this system’s
ability to analyse sentiment relations in literature novel books, social networks.

2 The ARElight System Design

ARElight system represent a pipeline of further modules: (1) text sampler, (2) in-
ference, (3) graph operations (optional), and (4) graph visualisation. Since the
source of input information represent raw documents, text sampler module rep-
resent a core of the system. Figure 1 shows the pipeline architecture along with
a detailed illustration of its core module.

<)

E j ‘ !

R Graph Operations Graph :

[C)(;ﬁ:gliﬂ Text Sampler Inference H (Optional) Visualization 4
- -

Object Annotation Pipeline: .
other { H
transformations i 'S

items i |Contexts

Document
from
Collection

2. select related text

X 4. provide parsed documem]
'

filtering

i | Provider

document

5. compose

items

Opinion
Linkages | *

provider

opinions pipeline (doc ids)

Dc Provider

1. Iterate document IDs:

Fig. 1. ARElight-0.24.0 system design; top: the main application pipeline; bottom:
architecture of the text sampler module with two separated pipelines for document
content annotation (red blocks), data providers (yellow blocks); the process on docu-
ment collection sampling, which is depicted in bold arrows, numbered from 1 to 7

Text Sampler. This module performs streaming extraction of context with
mentioned object pairs in it from large amount of texts in the document collec-
tion. Unlike existed systems, the core module provide two separate declarative
pipelines® that describe annotation for (i) objects* and (ii) pairs formation be-
tween objects®. To automatically extract mentioned objects in text, our anno-
tation pipeline provides support for models from DeepPavlov [12]. The system
supports pairs forming based on: (i) document level (object value), and (ii) con-
text level (object indices) annotations. We consider strategy pattern [1] for the
implementation of provider components (blocks in yellow color, Figure 1).

3 https://github.com/nicolay-r/AREkit/wiki/Task-Schemata
4 https://github.com/nicolay-r/AREkit/wiki/Pipelines:-Text-Processing
5 github.com/nicolay-r/AREkit/wiki/Pipelines:-Text-Opinion-Annotation
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Inference. This module performs samples classification, followed by auto-
matic graph serialization necessary for visualization. For samples classification,
we propose supporting language models [10]. We use OpenNRE [18] as target-
oriented solution for contextual relation extraction. Our system supports BERT-
based text classification models [17], pre-trained with OpenNRE and distributed
as PyTorch checkpoints [9]. We present classified samples as undirected graphs
G = (V,E,W.,W,) where V and FE represent vertices (found objects) and edges
(found pairs), and W,, W, denote their respective weights (frequencies in text).

Graph operations. This module allows to serialize new graph from a pair
of existing graphs. Our system supports three crucial operations:

Union (G1 U G3). The result graph contains all the vertices and edges that
are in G; and G5. The edge weight is given by W, = W, 1 + Weo, and the vertex
weight is its weighted degree centrality: Wy, = > . We(e).

Intersection (G1NG2). The result graph contains only the vertices and edges
common to G and Ga. The edge weight is given by W, = min(We1, Wea), and
the vertex weight is its weighted degree centrality: W, =3 . E, We(e).

Difference (G1 — G2). The result graph contains all the vertices from G but
only includes edges from FE; that either don’t appear in F5 or have larger weights
in G; compared to Go. The edge weight is given by W, = W, — Wes if e € Fy,
e € E1 N Ey and Wey(e) > Wea(e).

Visualisation. This module composes HTML page with visual user interface
(UI) (Figure 2) and launches a web server to host it. The UI consists of (a) a
dataset selector, (b) visualisation options, (c) visualisation model selector, and
(d) two D3JS visualisation modes — force [28] and radial [27] graph templates.

3 Experiments and Demonstration

As a demo, we propose the analysis of texts’ narratives across 3 distinct use cases:
(CasE 1) novel “War and Peace”vo.1-3 by Leo Tolstoy, (CAsE 2) pro-Russian/Ukrainian
war comments on VK social network [24], and (Case 3) X/Twitter accounts. In
particular, we extract sentiment relations (pos/neg) between objects in texts [14].

Collections preparation. We executed text sampling+inference scenario®
for texts in Russian (CasE 1-2), and in English (Cask 3). For objects annotation”,
we consider BERT ult-ontoNotess [12, 5]. For samples classification we adopt Ru-
BERT [19] model, use fine-tuned on RuSentRel [14] and RuAttitudes [21] col-
lections with NLI-prompt [22, 23] (Cask 1-2). We automatically translate these
collections in English to fine-tune BERT ¢as0q [17] (Cask 3). These models are
publicly available and automatically fetched upon scenario launch.

Graph operations. We present an example of graph analysis through vari-
ous operations. For the CasE 2, the aggregated pro-Russian/Ukrainian graph was
obtained by employing the Union operation on narrative graphs of individual
users, extracted from the dataset [24]. We utilized the Intersection operation to
discern commonalities between the narratives of pro-Russian and pro-Ukrainian

S https://github.com/nicolay-r/ARElight/wiki/Language-Specific-Application
" We keep {ORG,PERSON,LOC,GPE} types and mask their values in text classification
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Fig. 2. The visual interface of the ARElight-0.24.0 web server

users (Case 2), as well as between Rishi Sunak and Boris Johnson on Plat-
form X/Twitter (Case 3). The Difference operation facilitated understanding
the unique aspects of one narrative compared to another. We applied it to ex-
tract differences between pro-Ukrainian and pro-Russian users’ narratives and
vice versa (CASE 2), and to elucidate disparities between Rishi Sunak and Boris
Johnson, and vice versa, on Platform X/Twitter (CASE 3).

The visual interface is presented in Figure 2. For example, one can see that
pro-Ukrainian users more often mention Putin with Hitler than pro-Russians
(Cask 2). As for the Cask 1, “War and Peace” vy 2 is distinctly centers on life and
relations between individuals, in contrast to more war-centric themes in other
volumes. In Cask 3, related to the differences between B. Jonson and R. Sunak,
one can observe a higher number of positive UK-France pairs and significantly
more UK-Ukraine pairs. You can explore all the three cases by following the
demo project link: https://guardeec.github.io/arelight_demo/template.html.

4 Conclusion and Future Work

In this paper, we introduced the ARElight system, designed to facilitate the seg-
mentation and analysis of large documents by converting them into smaller text
parts associated with mentioned object pairs, and subsequently analyzing them
as graphs. The system filters and samples text segments involving such pairs
throughout a sequence of large documents, constructs graphs from them, and
conducts graph operations and visualisations. The aim of the proposed system
was to bridge the existing gap in the programming interface between a document
and its subsequent annotation. The reusability of the system components has
been demonstrated through use cases and showcases its applicability to various
scenarios, ranging from the analysis of books to social media accounts.
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