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ABSTRACT
Knowledge base population (KBP) from texts involves the extraction
and organization of information from unstructured textual data to
enhance or create a structured knowledge base. This process is cru-
cial for various applications, such as natural language understand-
ing, question-answering systems, and knowledge-driven decision-
making. However the difficulty lies in the complexity of natural
language, which is nuanced, ambiguous, and context-dependent.
Extracting accurate and reliable information requires overcoming
challenges such as entity disambiguation and relation extraction
which are time-consuming tasks for users.Shadowfax is an interac-
tive platform designed to support users by streamlining the process
of knowledge base population (KPB) from text documents. Unlike
other existing tools, it relies on a unified machine learning model
to extract relevant information from unstructured text, enabling
operational agents to gain a quick overview. The proposed system
supports a variety of natural language processing (NLP) tasks using
a single architecture, while presenting information in the most
comprehensive way possible to the end user.

CCS CONCEPTS
• Computing methodologies → Information extraction.
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1 INTRODUCTION
The exponential growth of online unstructured information has
made the task of extracting valuable knowledge very challenging
for many fields such as journalism, business intelligence [16] or
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medicine [18]. Fully manual extraction is a solution which tends
to become costly in terms of time and resources while being sub-
ject to a risk of error insertion due to the meticulousness needed.
Navigating through such abundant data requires sophisticated sys-
tems capable of processing large datasets to extract and update
already known information, often stored in a Knowledge Base (KB).
Over the past few years multiple Knowledge Base Population (KBP)
systems trying to extract knowledge from raw text and to link it
to entities stored into a KB have been proposed [29] . However,
these solutions are often composed of multiple isolated processing
modules [9, 12], weighing down the system, and reducing possible
interaction between the components, resulting in a loss of informa-
tion and an accumulation of errors.

In this paper we propose Shadowfax, a cost-effective and practi-
cal solution which differs from existing solutions in that it is relies
on a unified Information Extraction (IE) model which merges multi-
ple KBP components into a single one to output knowledge graphs
from unstructured documents. To the best of our knowledge, this
is the first platform based on a unified model, enabling the KB to
be enriched in a single pass, instead of using four models for entity
extraction, co-reference resolution, relationship extraction and en-
tity linking respectively, at a much higher cost in terms of time and
resources. There is a risk of error amplification in using successively
four models, which is avoided in our approach. In synthesis, our
contributions are as follows:

• we propose a model classifying different kinds of interac-
tions between pairs of candidate entities in a text and thus
producing the whole textual graph in a single pass.

• we measure the performances of the proposed model on two
different datasets, showing that results are not affected by
the removal of specialized models.

• we integrate the latter model into Shadowfax, a KBP system
featuring an HMI (Human Machine Interface) to assist users
in the task of Knowledge Base Population.

2 RELATEDWORK
Textual KBP encompasses several NLP tasks [14], comprisingNamed
Entity Recognition (NER), Coreference Resolution (CR), Relation
Extraction (RE), and Entity Linking (EL). Those tasks are generally
considered separately. The aim of NER is to detect entity mentions
within the text and to assign pertinent types to these mentions.
This recognition is commonly solved by using a Transformer [21]
and a trained classification layer to assign a IOB (Inside, Outside,
Beginning) format tag as well as a type to each token in the text [17].
Co-reference resolution is used to group textual mentions referring
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to the same entity [6, 13]. Using the text, it is then possible to iden-
tify the relations between the previously created textual entities
[4, 20]. Finally, EL identifies the database entities that appear in the
text, and creates new ones for entities that lack prior recognition.
This last step is commonly solved by creating entity embeddings,
wherein the contextual similarity between entities is represented
by the distance in a vectorial space [3, 23]. A traditional approach to
tackling the KBP is built following a workflow that integrates state-
of-the-art models for each sub-task [9, 15]. However, optimizing
components individually does not guarantee overall improvement.
In addition, this method faces other challenges, including extensive
training times and resource-intensive inference.

Figure 1: Shadowfax Information Extraction model architec-
ture

3 SYSTEM OVERVIEW
Shadowfax is a web application designed to assist companies, or-
ganizations or independent users to populate a Knowledge Base
(KB). The solution can be used to correct extracted results after
an automatic population, or as support during a manual process.
The platform breaks down into a technical part for Information
Extraction (shown in Figure 1) and Entity Linking (EL), and a visu-
alization, manipulation and validation part on the user side (Figure
2).

3.1 Information Extraction
The unified model is responsible for producing the textual graph,
summarizing entities of interest and relations between them from
an input document. As detailed in Figure 1, the unified model is
composed of two parts: a first step in charge of pruning mentions
and a second one of predicting interactions between those mentions.

Pruning. Recent NER solutions [25, 27, 31] address the task as
the prediction of spans. In addition to proving its superiority, this
approach is also more flexible than Part Of Speech (POS) tagging,
as it allows the handling of nested mentions ("[Bank of [China]]").
Span prediction, on the other hand requires a strategy for correctly
handling the large number of candidates, which can result in sig-
nificant overhead. In our model, we utilize a pruning module with
an architecture inspired from Yu et al. [27], although originally
applied to predict the textual mentions and their types directly. A
fine-tuned BERT [5] Pretrained Language Model (PLM) is used to
represent each word within the input text. The model concatenates
output token representations from the two last layers. If a word
consists of several tokens, the average of their representations is
used to form that of the word. Then, a 3-layer Bi-LSTM [8] creates
a new representation of words by reinforcing contextual awareness.
Subsequently, candidate spans are formed by concatenating the
head and tail word representations of the text fragment. Finally, a
Multi-Layer Perceptron (MLP) uses these concatenations to predict
whether the spans actually refer to entities.

Entity interactions. Once the entity mentions have been identi-
fied, an extraction module classifies the interactions between all
possible pairs of mentions. Since the PLM serves as a common
base for both modules, the word representations produced by the
encoder are reused for the interaction of the entities. Using the
concatenation of the representations of two spans, a second Multi-
Layer Perceptron predicts the interactions existing between all the
possible pairings of the previously selected spans. The output of
this MLP is a vector of dimensions equal to the number of interac-
tions of interest (entity or relation types and co-reference). A mask
is applied when the pair contains two identical spans in order to
predict only the types of the entity. On the contrary, only the di-
mensions related to relation types and co-reference are considered
for different spans. From the output the graph is constructed by
grouping together the pairs of mentions for which a co-reference
has been predicted. The types associated with an entity are the
union of those assigned to each of its mentions. The same goes for
the relations, a kind of relation is considered between two entities
if it is predicted between at least one pair of mentions belonging to
these entities.

3.2 Entity Linking
EL involves a range of resolution strategies that depend on the
data structure within the target KB [22]. Shadowfax tackles linking
through contextual similarity. Similarly to the two-steps solution
proposed by Li et al. [10] and Prieur et al. [14], a filtering step
uses a fine-tuned PLM to retrieve a list of candidates appearing in
texts considered as similar. This encoder takes as input the text for
which mentions of a target entity are enclosed within special tokens
("[ENT]", "[/ENT]") to improve the quality of the representations
as stated in [2]. The output representation of the "[SEP]" token,
inserted at the beginning of the text is then used as the vectorial
representation of the in-context entity. Similar contextual represen-
tations are then retrieved by the average of the cosine similarity.
A matching phase subsequently reorders the list of candidates ob-
tained above. This phase maintains the precedent input format but
employs a more refined encoder for ambiguous candidates. During
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Figure 2: Visualization of textual information extracted on Shadowfax

KBP inference, newly processed texts augment the contextual back-
drop of the entities in the KB to enhance and extend the linking
capability.

3.3 Human in the loop
The risk of KB pollution caused by the automatic insertion of pro-
cessing errors is a challenge that tends to constrain the application
of EL as a support. This explains the articulation of the model,
which places the user as the final validator of the IE. In this sense,
the user has the ability to modify all the displayed extracted infor-
mation (relations, attributes, entities, mentions, matching entities)
and to add new elements. For a more synthetic, understandable and
easy-to-analyse view, the extracted information is displayed as a
graph. Parent types are illustrated by a given color and icon on the
nodes. Previously seen elements are showcased with a highlight on
the node tag or a solid arrow tail for the relations. Once the user
considers the extracted information to be correct and exhaustive,
they can save the document state. Once saved, the information is
added to the KB and used for future extraction.

4 EXPERIMENTS
We evaluated the impact of our unified model on the different
tasks involved in the information extraction process. To do this
we compared the results with different versions of our model by
varying the tasks to be solved on two datasets, DWIE [28] and
the corrected version of DocRED [26], Re-DocRED [19]. We also
compared our results with baselines for the different tasks on the
DWIE dataset. Both datasets are composed of texts in English.
DWIE, although smaller (800 articles from the German news outlet
Deutsche-Welle, including 100 for evaluation) is annotated with a
broad ontology of some sixty relation types and a hundred entity
types. Re-DocRED contains up to 5053 human annotated Wikipedia
documents with 6 entity types and 96 relation types.

4.1 Implementation details
Shadowfax is a multi-container application under Docker1 Com-
pose. The back-end of the platform is written in Python meanwhile
the Angular framework is used for the front-end. The Pytorch
library is used to implement both the unified and the contextual
linking models. The unified model is trained in a supervised manner
using a sum of 2 binary cross-entropy losses (one for pruning and a
second for IE), related to each of the two modules. During inference
the application runs on a 8GB GPU and extracts the information in
an average of 0.1 second per text. The extracted information, when
saved by the user, are stored into an ArangoDB2 database. Data
exchange between back-end modules is carried out using the Fast
API3 library and are structured according to a unified Json schema.

4.2 Results and discussions
Tables 1, 2 and 3 show the results on the DWIE dataset, while
tables 4, 5 and 6 contain those on the Re-DocRED dataset. The
micro F1 obtained by the NER and RE models are reported in the
corresponding tables, while the average of CEAF, 𝐵3 and MUC
scores is used to compare co-referencemodels.We used as a baseline
a RoBERTa [11] model fined-tuned with the Flair [1] framework
for Named Entity Recognition; ATLOP [30] for Relation Extraction
and Word-level Co-reference Resolution [6] for Co-reference. The
alternative versions of the unified model, which focus on a subset
of the tasks, are named with the tasks on which they are trained
among NER, RE and Coref.

Results in the various tables show the superiority of the trained
models over the baselines, with the exception of the Word-level
Coreference model.

A first observation regarding the results is the small variation
that exists between the most specialised models (the version trained

1docker.com
2arangodb.com
3fastapi.tiangolo.com
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Table 1: Results of the NER task in DWIE

Model F1

RoBERTa 91.52
NER 92.62

NER+COREF 92.43
NER+RE 92.11

Unified Model 92.55

Table 2: Results of the RE task in DWIE

Model F1

ATLOP 70.38
RE 73.00

NER+RE 72.47
COREF+RE 72.23

Unified Model 72.57

Table 3: Results of the co-reference task in DWIE

Model F1

WL-Coref 91.65
Coref 91.28

Coref+RE 91.16
Coref+NER 91.34

Unified Model 91.44

Table 4: Results of the NER task in Re-DocRED

Model F1

NER 87.37
NER+COREF 87.06
NER+RE 87.81

Unified Model 87.58

for single tasks) and the unified model, although we reduce the
number of parameters that can be optimized for each NLP task. NER
and RE results show a slight improvement on Re-DocRED’s results,
with the unified model and their combination, which is not the case
with DWIE. A credible explanation is that the Re-DocRED ontol-
ogy has a higher proportion of relations that apply only between
certain types of entities, the combination of the two dimensions
is therefore beneficial. A result that we find hard to explain and
that would deserve further study is the slight drop in performance
when associating co-reference and relation extraction. Indeed, the
relations (especially in DocRED) are often expressed by indications
in various parts of the text, therefore, the assimilation of the asso-
ciation of the two dimensions should have been advantageous at
least for the RE.

A closer look at the mistakes made by the unified model showed
us a strong presence of false negatives. This highlights the com-
plexity of evaluating Relation Extraction models, but also that of

Table 5: Results of the RE task in Re-DocRED

Model F1

RE 66.40
NER+RE 66.73

COREF+RE 66.39
Unified Model 67.65

Table 6: Results of the co-reference task in ReDocRED

Model F1

Coref 90.54
NER+COREF 90.35
COREF+RE 89.42

Unified Model 90.04

Table 7: Average time taken by a chained system
(NER+RE+COREF) and the unified model to perform
IE on a DWIE text

Model Time (s)

Chained System 0.1192
Unified Model 0.0704

building a reference dataset when the aim is to extract a rich panel
of relations.

The average processing time taken by a system to process a
DWIE text was measured for a solution processing each NLP task
successively and for the Unified model. These measurements, re-
ported in the table 7, show a 40% reduction in extraction time for
the Unified model, confirming its interest in an operational context.
Additional measurements on GPU memory usage during inference
show a 29% higher usage for the successive processing solution
compared to the unified model, with 2926 and 2066𝑀𝑖𝐵 respectively.

5 CONCLUSIONS
This paper introduced Shadowfax, a comprehensive solution that
combines a unified Information Extraction model designed to pro-
vide a knowledge graph by maximizing interaction between NLP
tasks and an Entity Linking module, seamlessly integrated into a
Human-Machine-Interface to assist the users in the time-consuming
task of Knowledge Base Population. Contrary to the expectation
that sharing model weights across multiple tasks might adversely
impact performance due to reduced specialization, our unified
model shows that the proximity of the tasks and their recipro-
cal contribution offset the loss of specialization while reducing time
and resources requirements.

While we plan to incorporate a modification history, future im-
provements of the solution will explore the integration of active
learning approaches [7, 24] to refine the model through user cor-
rections and behavior, given the favorable conditions of the use
case. The exploration of solutions to integrate the entity linking
task into the unified model is also planned for future work.
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