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ABSTRACT
In this paper, we propose a news stream clustering algorithm
which directly outputs cross-lingual event clusters. It uses multi-
lingual language models to generate cross-lingual article repre-
sentations which enable a direct comparison of articles in differ-
ent languages. The algorithm is evaluated using a cross-lingual
news article data set and compared against a strong baseline
algorithm. The experiment results show the algorithm has great
promise, but requires additional modifications for improving its
performance.
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1 INTRODUCTION
Online news is producing hundreds of thousands of articles per
day reporting about any significant event that happened in the
world. The articles cover various domains (such as politics, sports,
and culture) and are written in different languages. In order to
automatically identify these events, news stream clustering algo-
rithms are used. These usually have the following steps: (1) they
group articles written in the same language into monolingual
clusters, and (2) form cross-lingual clusters by linking monolin-
gual clusters that report on the same event. Both steps usually
employ monolingual text features such as TF-IDF vectors; these
do not allow cross-lingual comparison without using advanced
statistical or machine learning methods.

In this paper, we propose a news stream clustering algorithm
that directly generates cross-lingual event clusters. The algorithm
uses multilingual language models for generating cross-lingual
content embeddings and extracting named entities found in the
articles. These are used to measure if an article should be assigned
to an event. The algorithm is evaluated using a cross-lingual data
set consisting of articles in English, Spanish, and German, and is
compared against a strong baseline. While the experiment results
look promising, there is still room for improving the algorithms
performance.

The paper is structured as follows: Section 2 contains an
overview of the related work on cross-lingual news stream clus-
tering and multilingual language models. Next, we present the
proposed clustering algorithm in Section 3, and describe the ex-
periment setting in Section 4. The experiment results are found
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in Section 5. Finally, we conclude the paper and provide ideas for
future work in Section 6.

2 RELATEDWORK
News Stream Clustering. The objective of news stream cluster-

ing is to group news articles that report about the same event
that happened in the world. Grouping can be a difficult task,
especially if the articles are written in multiple languages. To
this end, various approaches were developed for cross-lingual
event clustering. A statistical approach called Generalization of
Canonical Correlation Analysis is used to compare news articles
in different languages [9]. Information extraction techniques,
such as named entity recognition and part-of-speech tagging, are
also used for event detection [6]. With the increasing popularity
of neural networks, more advanced approaches are used to link
event clusters. The work in [3] uses word embeddings to com-
pare and link monolingual event clusters into cross-lingual ones.
Transformer-based language models are used for event sentence
coreference identification [4], a task that links parts of articles to
multiple events. However, the algorithm is performed only on a
monolingual data set.

To the best of our knowledge, our work is the first that uses
multilingual language models for grouping articles directly into
cross-lingual events.

Multilingual Language Models. Since the introduction of the
transformers [11], language model development has gained trac-
tion in the research community. One of the most well known
language models, BERT [2], has improved the performance of
various NLP tasks. By training it using multilingual documents,
the multilingual BERT [5] enabled solving tasks that require
cross-lingual text representations. While these models improved
the performance of various NLP tasks, they do not provide good
document embeddings for tasks like clustering. This changed
with the introduction of Sentence-BERT [8], which generates
monolingual sentence embeddings appropriate for measuring
sentence similarity. A year later, an approach for making mono-
lingual document representations cross-lingual [7] opened a way
for using sentence embeddings for cross-lingual clustering.

In this work, we employ the multilingual Sentence-BERT
model to generate cross-lingual embeddings used to group arti-
cles into events.

3 THE CLUSTERING ALGORITHM
We propose a news stream clustering algorithm that directly
outputs cross-lingual events. It uses cross-lingual embeddings,
named entities, and temporal features to measure if an article
should be assigned to an event cluster. If none of the events are
appropriate, a new cluster is created and the article is assigned
to it. Figure 1 shows the algorithm’s workflow diagram.
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Figure 1: The algorithm’s workflow diagram. The algo-
rithm maintains a set of event clusters which are used
when asessing if a new article (𝑎6) should be assigned to
an existing event. If the conditions are met, the article is
assigned to the most appropriate cluster (𝑐2). Otherwise, an
empty event cluster is created (𝑐3), the article is assigned to
it, and the newly created event is added to the cluster set.

In this section we describe how the algorithm represents the
articles and events, and how it decides when to assign an article
to the event cluster.

3.1 Article Representation
In this section we describe the different article representations
used in the algorithm. Each article is assumed to have a title, body,
and time attributes, which are used to (1) generate the content
embedding and (2) extract its named entities.

Content Embedding. Each article is assigned an embedding
that represents the article’s content. Using multilingual Sentence-
BERT1, a language model designed for generating vectors used in
cross-lingual clustering tasks, we get the content embedding by
concatenating the article’s title and body and inputing it into the
language model. The output is a single 768 dimensional vector
that captures the semantic meaning of the article.

Article Named Entities. For each article we extract the named
entities that are mentioned in the article’s body. To extract them,
we developed a multilingual NER model using XLM-RoBERTa
[1] and fine-tuned it using the CoNLL-2003 [10] data set.2 Af-
terwards, we filter out the duplicates and store the remaining
unique entities for later use.

3.2 Event Representations
An event is represented as an aggregate of its articles. This in-
cludes (1) the event centroid, (2) the named entities, and (3) the
time statistics. In this section we describe how the aggregates
are calculated and updated.

Event Centroid. The centroid represents the average content
embedding of the articles assigned to the event. It is used to assess
if an incoming article’s content is similar enough to the event.
Since the algorithm is intended to work on a news streams, we
iteratively update the centroid with the newly assigned article’s

1The model is available at https://huggingface.co/sentence-transformers/
paraphrase-xlm-r-multilingual-v1.

2The code of the model is available at https://github.com/ErikNovak/named-entity-
recognition.

content embedding:

®𝑐𝑒 (0) = ®0,

®𝑐𝑒 (𝑘) =
(𝑘 − 1) · ®𝑐𝑒 (𝑘−1) + ®𝑐𝑎𝑘

𝑘
,

where ®𝑐𝑒 (𝑘) is the centroid calculated using the first 𝑘 articles
assigned to the event 𝑒 , and ®𝑐𝑎𝑘 is the content embedding of the
𝑘-th article 𝑎𝑘 .

Event Named Entities. Each event stores all of the unique
named entities that are found in any of its articles. The named
entities are used to identify if the incoming article mentions the
event’s entities. The event’s named entities set is updated when
a new article is assigned to the event:

𝑟
(0)
𝑒 = ∅,

𝑟
(𝑘)
𝑒 = 𝑟

(𝑘−1)
𝑒 ∪ 𝑟𝑎𝑘 ,

where 𝑟 (𝑘)𝑒 is the set of named entities generated using the first
𝑘 articles assigned to the event 𝑒 , and 𝑟𝑎𝑘 is the set of named
entities of the 𝑘-th article 𝑎𝑘 .

Time Statistics. The time statistics provide insights into the
articles’ temporal distribution. These are calculated using the
articles’ time attribute. In this experiment we measured the fol-
lowing statistics: the minimum, average, and maximum article
timestamps. These are used to validate if an article was published
at a time when it could still report about an existing event.

3.3 Assignment Condition
The most crucial part of the proposed algorithm is how to mea-
sure to which event should an article be assigned to, if any. We
propose a condition that combines (1) the cosine similarity be-
tween the article’s content embedding and the event’s centroid,
(2) the overlap between the article’s and event’s named entities,
and (3) the time difference between the article’s time and one of
the event’s time statistics.

Let 𝐸 = {𝑒1, 𝑒2, . . . , 𝑒 𝑗 } be the set of existing event clusters,
where each event is represented with its centroid, named entities,
and one of its time statistics 𝑒𝑖 =

(
®𝑐𝑒𝑖 , 𝑟𝑒𝑖 , 𝑡𝑒𝑖

)
. Let the article

be represented by its content embedding, named entities, and
time attribute 𝑎 = ( ®𝑐𝑎, 𝑟𝑎, 𝑡𝑎). We then check if the following
conditions are met for each event:

𝛿𝑐 =
⟨ ®𝑐𝑒𝑖 , ®𝑐𝑎⟩

∥ ®𝑐𝑒𝑖 ∥2∥ ®𝑐𝑎 ∥2
≥ 𝛼,

𝛿𝑟 = |𝑟𝑒𝑖 ∩ 𝑟𝑎 | ≥ 𝛽,

𝛿𝑡 = |𝑡𝑒𝑖 − 𝑡𝑎 | ≤ 𝜏,

(1)

where 𝛼 , 𝛽 and 𝜏 are the thresholds corresponding to how similar
the article’s content must be to the event, the required amount
of overlapping entities, and the time window in which an article
has to be to be assigned to the event, respectively. Thus, 𝛿𝑐 , 𝛿𝑟 , 𝛿𝑡
correspond to the content similarity, entity overlap, and time
window conditions, respectively.

If an event meets the conditions described in Equation 1, the
article is assigned to it. If multiple events are appropriate, the
article is assigned to the event that has the greatest 𝛿𝑐 value.
If none are appropriate, a new empty event cluster is created,
the article is assigned to it, and the event representations are
updated.

To compare the impact of the conditions, we implement mul-
tiple versions of the algorithm that use a different combination
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of 𝛿𝑐 , 𝛿𝑟 , and 𝛿𝑡 conditions. Table 1 shows all of the algorithm
versions compared in the experiment.

Table 1: The list of algorithm versions. Each algorithm uses
a different combination of conditions.

Algorithm condition combination

CONTENT 𝛿𝑐
CONTENT + NE 𝛿𝑐 and 𝛿𝑟
CONTENT + TS 𝛿𝑐 and 𝛿𝑡
CONTENT + NE + TS 𝛿𝑐 and 𝛿𝑟 and 𝛿𝑡

4 EXPERIMENTS
We now present the experiment setting. We introduce the data set
and how it is prepared for the experiment. Next, we present the
evaluation metrics. Finally, the baseline algorithm is described.

4.1 Data Set
To compare the algorithm performances we use the news article
data sets acquired via Event Registry and prepared by [3] for the
purposes of news stream clustering. These data sets are in three
different languages (English, German, and Spanish), and consist
of articles containing the following attributes:

• Title. The title of the article.
• Text. The body of the article.
• Lang. The language of the article.
• Date. The datetime when the article was published.
• Event ID. The ID of the event the article is associated with.
It is used to measure the performance of the algorithms.

For the experiment, we merge the three data sets together to
create a single cross-lingual news article data set. We extract
their content embeddings and named entities, and sort them in
chronological order, i.e. from oldest to newest. Table 2 shows the
data set statistics.

Table 2: Data set statistics. For each language data set we
denote the number of documents in the data set (# docs), the
average length of the documents (avg. length), the number
of event clusters (# clusters) and the average number of
documents in the clusters (avg. size).

Language # docs avg. length # clusters avg. size

English 8,726 537 238 37
German 2,101 450 122 17
Spanish 2,177 401 149 15

Together 13,004 500 427 30

4.2 Evaluation Metrics
For the evaluation we use the same metrics as [3]. Let tp be the
number of correctly clustered-together article pairs, let fp be the
number of incorrectly clustered-together article pairs, and let fn
be the number of incorrectly not-clustered-together article pairs.
Then we report precision as 𝑃 =

tp
tp+fp , recall as 𝑅 =

tp
tp+fn , and

the balanced F-score as 𝐹1 = 2 · 𝑃 ·𝑅
𝑃+𝑅 . While precision describes

how homogenous are clusters the, recall tells us the amount of
articles that should be together but are actually found in different
clusters.

4.3 Baseline Algorithm
The baseline algorithm used in the experiment is presented in
[3]. It performs cross-lingual news stream clustering by first gen-
erating monolingual event clusters using TF-IDF subvectors of
words, word lemmas and named entities of the articles. After-
wards, it merges monolingual into cross-lingual clusters using
cross-lingual word embeddings to represent the articles. The algo-
rithm compares two approaches when performing cross-lingual
clustering:

• Global parameter. Using a global parameter for measuring
distances between all language articles for cross-lingual
clustering decisions.

• Pivot parameter. Using a pivot parameter, where the dis-
tances between every other language are only compared
to English, and cross-lingual clustering decisions are made
only based on this distance.

Since the baseline algorithm was already evaluated using the
cross-lingual data set we are using the the experiment, we only
report their performances from the paper.

5 RESULTS
In this section we present the experiment results. For all exper-
iments we fix the values 𝛽 = 1 and 𝜏 = 3 days, and evaluate
the algorithms using different values of 𝛼 . In addition, all experi-
ments use the event’s minimum time statistic when validating
the time condition 𝛿𝑡 .

Baseline Comparison. Table 3 shows the experiment results
of the best performing algorithm on the evaluation data set. We
report the best performing CONTENT + NE + TS algorithm
which uses the content similarity threshold 𝛼 = 0.3.

Table 3: The algorithm performances. The best reported
algorithm uses all three asssignment conditions.

Algorithm 𝐹1 𝑃 𝑅

Baseline (global) 72.7 89.8 61.0
Baseline (pivot) 84.0 83.0 85.0

CONTENT + NE + TS 72.2 79.7 66.0

While the proposed algorithm does not perform better than
any of the baselines with respect to the 𝐹1 score, our algorithm
still shows promising results. Its performance is comparable to
the baseline using the global parameter and also outperforms the
baseline (global) recall by 5%, showing it is better at grouping
articles.

Condition Analysis. We have analyzed the impact the con-
ditions have on the algorithm’s performance. For each algo-
rithm version we run the experiments using different values
of 𝛼 ∈ {0.3, 0.4, 0.5, 0.6, 0.7}, and measure the balanced F-score,
precision, and recall, as well as the number of clusters it gener-
ated. Table 4 shows the condition analysis results. By analysing
the results we come to two conclusions:

Increasing 𝛼 increases precision, decreases recall, and
generates a larger number of clusters. When 𝛼 is bigger, the
content condition 𝛿𝑐 requires the articles to be more similar to
the event. This condition is met when the article’s content em-
bedding is close to the event’s centroid. Since this has to hold for
all articles in the event, then the articles that have high similar-
ity are clustered together, increasing the algorithm’s precision.
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Table 4: The condition analysis results. The bold values
represent the best performances on the data set.

Algorithm 𝛼 # clusters 𝐹1 𝑃 𝑅

CONTENT 0.3 46 29.6 19.7 59.8
0.4 234 51.6 46.2 58.4
0.5 849 57.7 67.7 50.3
0.6 1762 45.3 73.1 32.8
0.7 3185 26.0 81.9 15.5

CONTENT 0.3 279 43.7 33.3 63.8
+ NE 0.4 648 52.9 55.8 50.3

0.5 1168 56.5 67.4 48.6
0.6 1939 45.1 73.6 32.5
0.7 3254 25.9 82.3 15.4

CONTENT 0.3 344 58.8 63.2 55.0
+ TS 0.4 806 64.1 76.5 55.2

0.5 1346 58.8 83.4 45.4
0.6 2068 47.1 81.7 33.1
0.7 3356 25.2 84.8 14.7

CONTENT 0.3 925 72.2 79.7 66.0
+ NE 0.4 1221 72.2 80.5 65.5
+ TS 0.5 1554 54.0 81.9 40.2

0.6 2174 46.7 80.7 32.9
0.7 3403 25.0 84.8 14.7

However, if the 𝛼 is to large then the condition is too strong,
thus similar articles can be split into multiple clusters, conse-
quently decreasing recall and increasing the number of clusters
the algorithm generates.

Algorithms with more conditions can achieve better per-
formance.The algorithm’s performance is increasingwith added
conditions. While the worst performance is achieved when only
the content condition 𝛿𝑐 is used (CONTENT algorithm), the best
is reached when all three conditions are used (CONTENT + NE +
TS algorithm). The most significant contribution is provided by
the time condition 𝛿𝑡 which drastically improves the 𝐹1 score.

6 CONCLUSION
We propose a news stream clustering algorithm that directly
generates cross-lingual event clusters. It uses multilingual lan-
guage models to generate cross-lingual article representations
which are used to compare with and generate cross-lingual event
clusters. The algorithm was evaluated on a news article data set
and compared to a strong baseline. The experiment results look
promising, but there is still room for improvement.

In the future, we intend to modify the assignment condition
and learn the condition parameters instead of manually setting
them. Modifying the language models to accept longer inputs
could better capture the articles semantic meaning. In addition,
events from different domains are reported with different rates.
Learning these rates and including them in the algorithm could
improve its performance.
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