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Abstract
Abstractive summarization aims to generate concise summaries by creating new sentences, allowing for flexible
rephrasing. However, this approach can be vulnerable to inaccuracies, particularly ‘hallucinations’ where the model
introduces non-existent information. In this paper, we leverage the use of multimodal and multilingual sentence
embeddings derived from pretrained models such as LaBSE, SONAR, and BGE-M3, and feed them into a modified
BART-based French model. A Named Entity Injection mechanism that appends tokenized named entities to the
decoder input is introduced, in order to improve the factual consistency of the generated summary. Our novel
framework, SBARThez, is applicable to both text and speech inputs and supports cross-lingual summarization;
it shows competitive performance relative to token-level baselines, especially for low-resource languages, while
generating more concise and abstract summaries.

Keywords: Abstractive summarization, cross-lingual, multimodal, sentence embeddings

1. Introduction

Automatic text summarization plays a critical role in
distilling vast amounts of information into concise
and informative outputs (Zhang et al., 2025). With
the advent of deep learning, neural approaches
have become the foundation of modern summariza-
tion systems, leveraging large-scale training data
and Transformer-based architectures (Vaswani
et al., 2017) to model contextual relationships
across sequences of text. These models, such as
BART (Lewis et al., 2020), T5 (Raffel et al., 2020),
and more recently, large language models (LLMs)
like GPT (Radford et al., 2018; Brown et al., 2020)
generate summaries by operating at the token level,
predicting the next token conditioned on both the
input tokens and the previously generated ones.
While these models perform well in abstractive sum-
marization, they still exhibit notable limitations that
impact the overall quality of the summaries (Shakil
et al., 2024).

Extractive summarization focuses on selecting
the most important sentences or phrases directly
from the source text to form a summary without
generating new material. In contrast, abstractive
summarization is a more sophisticated technique
that produces new sentences to convey the main
ideas of the source text; instead of copying, this
technique paraphrases and synthesizes the content
to present it in a coherent and natural way (Zhang
et al., 2025). In addition, two important exten-
sions of text summarization are cross-lingual sum-
marization (Wang et al., 2022) and cross-modal
summarization (Sharma et al., 2022; Retkowski
et al., 2025). Cross-Lingual Summarization aims

to generate summaries in a language different
from the source text, while cross-modal summa-
rization involves different input-output modalities,
such as speech-to-text or text-to-speech summa-
rization. These approaches expand access to in-
formation across languages and modalities. How-
ever, both tasks face significant challenges, such
as the scarcity of parallel summarization datasets,
and error propagation in pipeline systems (Perez-
Beltrachini and Lapata, 2021; Wang et al., 2022).
For example, speech-to-text summarization is often
compromised by transcription errors, while cross-
lingual cascade models can be marred by transla-
tion errors.

To address these challenges, Barrault et al.
(2024) presented Large Concept Models (LCMs)
which operate independently of any instantiation in
a particular language or modality. LCMs propose a
shift from the traditional token-level representation
of input texts to sentence-level representation. In-
stead of processing input text as discrete tokens,
they operate within a continuous sentence embed-
ding space wherein each sentence is encoded as
a dense vector capturing its underlying semantic
content. This representation framework facilitates
more abstract reasoning over higher-level semantic
units, thereby improving conceptual generalization.

In line with this work, we introduce a novel ab-
stractive summarization model that, unlike LCMs, is
designed to work under significantly reduced com-
putational requirements, tailored specifically for the
summarization task. While LCM targets general-
purpose language modeling, our approach focuses
on learning abstract summaries using compact ar-
chitectures trained on task-specific data. Our con-
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tributions are:

• We propose a novel modified BART-based ar-
chitecture, SBARThez, which performs sum-
marization from sentence embeddings de-
rived from pretrained models such as LaBSE,
SONAR, and BGE-M3. In contrast to conven-
tional token-level encoding methods, our ar-
chitecture breaks new ground by effortlessly
processing text data from various languages
as well as audio inputs. We make the training
code of our models freely available at https:
//github.com/cchellaf/SBARThez

• We introduce a strategy that incorporates the
explicit injection of named entities into the de-
coder step of the summarization process, aim-
ing to mitigate the risk of hallucinated entities.

• We conduct extensive evaluations of our archi-
tecture on a diverse set of benchmarks span-
ning multiple language pairs (X to French) and
two input modalities (text and speech). Our re-
sults demonstrate that despite its smaller scale,
it achieves competitive performance compared
with several baselines, with notable gains on
low-resource languages and superior scores
on measures of abstractness.

2. Related Work

2.1. Text Sentence Embedding Extraction
Recent advancements in multilingual sentence em-
beddings have significantly improved the perfor-
mance of cross-lingual and semantic similarity
tasks. One pioneering model, Sentence-BERT
(SBERT) (Reimers and Gurevych, 2019), intro-
duced a Siamese network architecture over BERT,
enabling efficient computation of semantic similar-
ities between sentence pairs. Initially trained on
English, SBERT was later adapted for use in other
languages. Another embedding model, LaBSE,
introduced by (Feng et al., 2022), uses a novel
combination of pretraining and dual-encoder fine-
tuning to enhance translation ranking performance.
It offers robust embeddings across 109 languages
and has been widely adopted for tasks requiring
language-agnostic representations, such as bitext
retrieval and downstream classification. More re-
cently, a multilingual and multimodal fixed-size sen-
tence embedding space called SONAR (Duquenne
et al., 2023) uses an encoder-decoder approach to
build its sentence embedding space, with training
on large-scale text data. The SONAR text encoder
covers 200 languages, improving both alignment
and semantic coherence across these languages.
SONAR demonstrated strong performance, partic-
ularly in zero-shot cross-lingual retrieval. Jina Em-

beddings (Sturua et al., 2024) further extended mul-
tilingual capabilities by offering embedding models
optimized for query-document retrieval, clustering,
classification, and text matching, achieving com-
petitive performance across multiple benchmarks.
Finally, another notable embedding model, BGE-
M3, has emerged as a versatile solution (Chen
et al., 2024), supporting over 100 languages and
excelling across three key dimensions: multilingual-
ity, multifunctionality, and multigranularity.

2.2. Speech Utterance Embedding
Extraction

Compared to earlier approaches, which focused
on acoustic frame-level representations (10–20
ms), speech utterance embedding models take a
more global approach, learning multimodal and
multilingual representations at the speech level
(5–10 seconds). These models aim to align the
resulting embedding space semantically across
languages. For instance, SAMU-XLSR (Khu-
rana et al., 2022) successfully adapted the XLS-
R speech encoder (Babu et al., 2022) to gener-
ate utterance-level speech embeddings that rival
those of language-agnostic sentence embedding
models like LaBSE (Feng et al., 2022). This is
achieved through a teacher-student framework,
where LaBSE is frozen as the teacher, and the
speech encoder is trained to generate embeddings
that closely match the textual embeddings using
cosine similarity. A similar approach is taken in
SONAR (Duquenne et al., 2023), where a pre-
trained sentence embedding space is used as
the teacher. This space is constructed using an
encoder-decoder model initialized from the NLLB
1B model (Costa-Jussà et al., 2022). The SONAR
speech encoders are then trained to align with this
shared space, starting from a pretrained w2v-BERT
2.0 model (Barrault et al., 2023). A more recent
model, SENSE (Mdhaffar et al., 2025), also lever-
ages w2v-BERT 2.0 as the speech encoder and
BGE-M3 (Chen et al., 2024) as the teacher model.
These models provide rich, multilingual, and se-
mantically aligned speech representations suitable
for downstream tasks like speech summarization.

2.3. Abstractive Summarization
The evolution of neural architectures, particu-
larly sequence-to-sequence (seq2seq) models (Shi
et al., 2021) and transformer-based approaches,
has revolutionized abstractive text summarization.
The availability of large-scale supervised summa-
rization datasets has enabled deep learning tech-
niques to thrive (Grusky et al., 2018; Scialom et al.,
2020). Notable milestones include the introduc-
tion of self-attention mechanisms in models like
BERT (Devlin et al., 2019), BART (Lewis et al.,

https://github.com/cchellaf/SBARThez
https://github.com/cchellaf/SBARThez
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2020), T5 (Raffel et al., 2020), and PEGASUS
(Zhang et al., 2020), which have significantly im-
proved text summarization capabilities. Pretrained
large language models, including GPT (Radford
et al., 2018), LLaMA (Touvron et al., 2023), and
Gemini models (Team et al., 2023), particularly
their instruction-tuned variants, have demonstrated
better generalization in many natural language pro-
cessing tasks, including text summarization. They
excel at distilling key information into fluent sum-
maries, as shown on recent benchmarks (Zhang
et al., 2024).

3. Methodology

We first describe our model’s architecture in sub-
section 3.1 and the pretrained models on which it
builds in subsection 3.2. The evaluation metrics
used to assess model performance is introduced
in subsection 3.3. We then present the summariza-
tion tasks and datasets considered in this work in
subsection 3.4. Finally, subsection 3.5 outlines the
training details of our approach.

3.1. Model Architecture
We propose an abstractive summarization model
that generates summaries based on sentence-level
embeddings, as illustrated in Figure 1. The in-
put document D is first divided into sentences
D = [s1, s2, s3, . . . , sn]. Each sentence si is en-
coded into a vector vi using a text sentence em-
bedding model. The resulting sequence of vectors
V = [v1, v2, v3, . . . , vn] is then fed into a modified
pretrained seq2seq model, which is trained to pro-
duce the final summary. To guarantee compatibility
with the input requirements of the seq2seq model,
we incorporate an additional linear projection layer
that dynamically adjusts the dimensionality of sen-
tence embeddings. This layer is only applied when
the existing embeddings do not conform to the ex-
pected input shape of the model.

In this study, we employ a pretrained token-based
encoder-decoder seq2seq model and modify its ar-
chitecture to accept sentence embedding vectors
directly. To achieve this, we remove the encoder’s
embed-tokens layer, which generates token-level
embeddings. By doing so, our approach can lever-
age sentence-level representations, obviating the
need for tokenization within the encoder. As a re-
sult, the modified encoder operates on entire sen-
tences, while retaining the unchanged decoder ar-
chitecture and token-based processing.

The training process of our summarization model
consists of two stages. In the first stage, the model
is trained on a large-scale textual summarization
dataset to adjust its weights to effectively process
sentence embeddings. In the second stage, the
model is fine-tuned on a dataset aligned with the

intended summarization task. Throughout both
stages, the text sentence embedding model re-
mains frozen, and only the projection layer and
the modified pretrained seq2seq model are trained.

sent_1  |  sent_2  |  sent_3  |  sent_4  |  sent_5

     Text sentence embedding model
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Figure 1: The sentence-based summarization
model architecture

3.2. Pretrained Models
Text sentence embedding models: Three embed-
ding models are compared in this study: BGE-M3
(Chen et al., 2024) producing a 1024-dimensional
embedding based on the CLS token representa-
tion; LaBSE (Feng et al., 2022), which produces a
768-dimensional vector with the same CLS token
approach; and SONAR (Duquenne et al., 2023),
producing a 1024-dimensional embedding through
mean-pooling of its token representations.
Speech utterance embedding models: to vali-
date our method in the speech modality, we inte-
grate it with three distinct speech embedding mod-
els. First, we employ the SAMU-XLSR model (Khu-
rana et al., 2022), which leverages LaBSE as its
teacher during the training. Next, we utilize SONAR,
which supports both text and speech modalities,
using its French speech encoder in this context.
Lastly, we make use of SENSE (Mdhaffar et al.,
2025), which is trained using BGE-M3 as a teacher.
Modified seq2seq model: To achieve our pri-
mary objective of creating an abstractive summa-
rization model for French, we chose BARThez
(Eddine et al., 2021), a large-scale pretrained
seq2seq model specifically tailored for French.
With its BART-based architecture and a low com-
putational footprint of 165 M parameters, BARThez
has demonstrated strong performance in various
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generative tasks. However, we encountered an ob-
stacle when attempting to integrate our sentence
embedding models with BARThez: the expected
input size for the BART model is 768 dimensions,
whereas our embedded representations vary in
size. To overcome this issue, we introduced a lin-
ear projection layer followed by a GeLU activation
function to normalize the inputs. Notably, LaBSE
embeddings are exempt from this transformation
due to their pre-aligned dimensionality.

In the following, our model will be referred to as
SBARThez for Semantic-BARThez. To further dis-
tinguish between variants that incorporate different
sentence embedding models, we will append a suf-
fix to the base model name (e.g., SBARThez-BGE).

3.3. Evaluation Metrics

Since our summarization method relies on high-
level semantic abstraction, assessing its quality
is challenging: one must gauge the depth of un-
derstanding and insight it conveys, not merely its
surface-level presentation. To address this, we use
various automatic evaluation metrics that range dif-
ferent facets of summarization quality. We report
the standard ROUGE-L (Lin, 2004) and BertScore
(Zhang et al., 2019) metrics. We also consider
three supplementary metrics to assess the abstrac-
tiveness of the automatically generated summaries:
ROUGE-1 precision with source document (P-
R1) (Lin, 2004) measures the proportion of uni-
grams (individual words) in the summary that also
appear in the source document.
Extractive Fragment Coverage (EFC) (Grusky
et al., 2018) evaluates how much of the summary
is directly derived from the source text. Extrac-
tive fragments are defined as the set of shared
sequences of tokens in the source document and
the summary. This set is denoted F(D,S), where
D is the document and S is the summary. EFC
is calculated by the proportion of summary words
that belong to these shared extractive fragments:
EFC(D,S) = 1

|S|
∑

f∈F(D,S) |f | .

Extractive Fragment Density (EFD) (Grusky et al.,
2018) measures the average length of the extrac-
tive fragment that each word in the summary be-
longs to, taking into account both the inclusion of
numerous original words and the impact of word
arrangement on meaning preservation. Like EFC,
EFD is based on extractive fragments, but uses a
square of the fragment length:
EFD(D,S) = 1

|S|
∑

f∈F(D,S) |f |2 .

Named Entity Hallucination Risk (NEHR), intro-
duced by Akani et al. (2023), is calculated as the
proportion of entities in the generated summary
that are not present in the source document. This
metric is used in our study in order to estimate the
possible hallucination involving Named Entities.

3.4. Tasks and Datasets
Our proposed summarization approach involves a
multi-stage training. The first stage uses the French
MLSUM dataset (Scialom et al., 2020), one of the
largest news summarization datasets available in
French. This step is essential for helping the model
adapt to sentence embeddings as input. The sec-
ond stage focuses on task-specific training, where
we tailor our model’s performance for three sum-
marization tasks:
Monolingual Text Summarization (Text FR→Text
FR): to assess our model’s performance on this
task, we take the model initially trained on MLSUM
and further fine-tune it on the OrangeSum corpus
(Eddine et al., 2021).
Cross-lingual Text Summarization (Text X→Text
FR): to validate the cross-lingual effectiveness of
our approach, the MLSUM-trained model is fine-
tuned separately on the French-WikiLingua (Lad-
hak et al., 2020) and French-CrossSum (Bhat-
tacharjee et al., 2023) datasets, and evaluated on
the corresponding cross-lingual test-sets.
Speech Summarization (Speech FR→Text FR): to
test our approach on speech, the MLSUM-trained
model is further fine-tuned on DECODA (Bechet
et al., 2012), which is a French human-human spo-
ken conversation dataset. Each conversation con-
sists of three elements: the audio recording, the
manual transcript and a summary. Building upon
the work of (Akani et al., 2024), we use the same
version of DECODA to ensure comparability.

Table 1 shows the distribution of text-summary
pairs across training, development, and test sets of
the studied datasets. The statistics for MLSUM,
WikiLingua, and CrossSum correspond to their
French subsets (French documents paired with
their corresponding French summaries).

Dataset Train Dev Test
MLSUM 392,876 16,059 15,828

OrangeSum 21,401 1,500 1,500
DECODA 1,390 396 200

WikiLingua 43,423 6,193 12,405
CrossSum 8,648 1,083 1,083

Table 1: Number of documents per dataset

3.5. Training Details
For each task, we follow the same two-stage learn-
ing strategy. In the first training stage, the model
is optimized using the AdamW optimizer, with a
batch size of 16 and different learning rates for the
pretrained seq2seq model and the projection layer.
The pretrained seq2seq model parameters were
optimized with a learning rate of 1 × 10−5, while
the linear projection layer was trained with a larger
learning rate of 1× 10−3, allowing faster adaptation
of the randomly initialized weights. A weight decay
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of 1×10−5 was applied uniformly to regularize both
components. We used the standard cross-entropy
loss to train the model on this sequence prediction
task. In the second stage, we further fine-tune the
model obtained at the end of the first stage.

We present the results of our experiments in
the following sections: section 4 covers monolin-
gual text summarization, section 5 addresses cross-
lingual text summarization, and section 6 focuses
on speech summarization.

4. Monolingual Text Summarization

4.1. Preliminary Results
We first evaluate the originally fine-tuned BARThez
model on the OrangeSum test-set. This model
serves as our baseline, representing the stan-
dard encoder-decoder architecture relying on to-
kenized input sequences. As shown in Table 2,
the SBARThez-BGE model achieves the best per-
formance among all SBARThez variants. Despite
its overall improved performance and results that
are close to those of the baseline BARThez model
in terms of Rouge-L and BertScore, the NEHR re-
mains high for all SBARThez variants. For exam-
ple, SBARThez-BGE reaches a NEHR of 58.52%,
indicating that more than half of its named enti-
ties are hallucinated. This limitation is likely due
to the highly semantic and abstractive nature of
the SBARThez approach, which does not explicitly
preserve lexical forms. To address this issue, we
suggest including a Named Entity Injection (NEI)
mechanism in the SBARThez architecture, as de-
tailed in the following section.

Model R-L ↑ BertS ↑ NEHR ↓
Ground Truth 100 100 34.01

BARThez 22.57 27.95 26.88
SBARThez-BGE 19.24 24.61 58.52

SBARThez-LaBSE 17.53 22.83 71.79
SBARThez-SONAR 19.10 24.58 59.23

Table 2: Results on the OrangeSum test-set.
Best results are bold, and second-best results are
underlined. BertS refers to BertScore.

4.2. Named Entity Injection Mechanism
To address the issue of hallucinated named entities,
we incorporate a NEI mechanism into our approach,
as illustrated in Figure 2. Named entities are ex-
tracted from the input document using a Named En-
tity Recognition (NER) system, then tokenized us-
ing the seq2seq model’s tokenizer and appended to
the decoder inputs. During training in both stages,
the named entity tokens are incorporated into the
decoder block of the BARThez seq2seq model,
alongside the standard decoder’s input tokens and
the encoder’s hidden states. At inference time,

the decoder is initialized with these tokens as start
tokens, allowing the generative process to utilize
them in conjunction with the sentence-level em-
beddings of the input document. This allows the
summarization model to leverage both the semantic
sentence embeddings on the encoder side and the
explicit named entities on the decoder side. The
NER model employed in our study is camembert-
ner1, a French NER model fine-tuned from Camem-
BERT (Martin et al., 2020) on the wikiner-fr dataset
(Nothman et al., 2013). The NER system cate-
gorizes extracted entities into four classes: PER
(persons), ORG (organizations), LOC (locations),
and MISC (miscellaneous). Following the extrac-
tion, we apply a preprocessing step where entities
with a confidence score below 0.9 are filtered out.

sent_1  |  sent_2  |  sent_3  |  sent_4  |  sent_5

     Text sentence embedding model
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Figure 2: The sentence-based summarization
model architecture with the NEI mechanism

4.3. Results using the NEI Mechanism

To assess the effectiveness of the NEI module, we
conduct a series of experiments to identify the best
named entity (NE) prompt for injection. Among the
prompts tested, we identified one structure, which
achieved the highest BertScore on OrangeSum:
“(E1, T1), (E2, T2), . . . , (En, Tn).” This prompt lists
each named entity Ei alongside its type Ti, where
Ti ∈ {PER,ORG, LOC,MISC}, with duplicates re-
moved.It is then tokenized using the BARThez tok-
enizer to produce NE tokens for the decoder input.

1https://huggingface.co/Jean-Baptiste/
camembert-ner

https://huggingface.co/Jean-Baptiste/camembert-ner
https://huggingface.co/Jean-Baptiste/camembert-ner
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Model R-L ↑ BertS ↑ NEHR ↓
Ground Truth 100 100 34.01

BARThez 22.57 27.95 26.88
SBARThez-BGE 20.22 26.05 34.16

SBARThez-LaBSE 18.56 24.24 38.41
SBARThez-SONAR 19.40 25.37 36.31

Table 3: Results on the OrangeSum test-set, with
SBARThez models using the NEI module.

As shown in Table 3, NE injection improves the
performance of all variants of our approach com-
pared to the results presented in Table 2. The
best-performing model remains the token-based
BARThez model, followed by SBARThez-BGE with
NE injection, which achieves the highest scores
among all SBARThez variants.

Regarding named entity hallucination, the
ground truth summaries exhibit a NEHR of 34.01%,
indicating that 34% of the named entities in the
summaries do not appear in the original docu-
ments. This suggests that human paraphrasing
during summary creation may be a contributing fac-
tor, such as using “France” to refer to “French Re-
public”. It also highlights a limitation of NEHR, since
it relies on exact matching and is therefore overly
strict. Nevertheless, it provides a useful proxy for
estimating the risk of named entity hallucination.

BARThez achieves the lowest NEHR, indicating
stronger faithfulness to the source text in terms of
NE generation. However, this approach comes at
the cost of limiting the model’s ability to general-
ize or rephrase entities more naturally and expres-
sively. While this may enhance factual accuracy,
it may also restrict the model’s creative potential.
In contrast, our SBARThez models enhanced with
NE injection show a significant and consistent re-
duction in named entity hallucination. Specifically,
SBARThez-BGE originally hallucinated over half of
the named entities (Tab 2), but with the addition of
the NE injection module, the NEHR decreased to
34%, comparable to the ground truth.

4.4. Analysis of Abstractiveness
Table 4 presents the results of the SBARThez vari-
ants with NE injection. All token-based encoding
models are fine-tuned on OrangeSum. The evalu-
ation includes Rouge-L and BertScore, as well as
the copy rate metrics to assess the abstractiveness
of the generated summaries.

The SBARThez-BGE model outperforms other
variants in terms of Rouge-L and BertScore, while
also surpassing mT5-small. Its performance is re-
markably close to that of mBART-50 and BARThez,
which lead on these metrics. One notable aspect of
the token-level encoding models is their extremely
high P-R1, EFC, and EFD values, indicating an
over-reliance on copying from the source docu-
ment. For example, the P-R1 value shows that

BARThez uses over 90% of the words in its gener-
ated summaries that are present in the source docu-
ment. In contrast, SBARThez models exhibit lower
copying rates and demonstrate a remarkable abil-
ity to match human summaries in abstractiveness
while maintaining competitive performance on R-L
and BertScore metrics. Besides, SBARThez sum-
maries tend to be shorter than ground-truth sum-
maries, according to the calculated length. This
suggests the model’s ability to condense complex
information into concise summaries.

Model Ground Truth Source Document Length
R-L ↑ BertS ↑ P-R1 ↓ EFC ↓ EFD ↓

Token-Encoding
BARThez 22.57 27.95 91.65 89.11 6.66 24.71
flanT5-base 22.61 27.54 94.00 92.37 8.60 27.87
mT5-small 20.22 24.06 95.22 95.39 9.99 25.88
mBART-50 22.05 26.76 93.13 90.96 8.63 27.72
Sentence-Encoding
SBARThez-BGE 20.22 26.05 78.54 72.30 1.67 20.67
SBARThez-LaBSE 18.56 24.24 74.64 68.71 1.45 21.90
SBARThez-SONAR 19.40 25.37 78.52 72.70 1.60 20.93
Ground Truth 100.0 100.0 78.36 72.84 2.41 32.13

Table 4: Comparison of summarization methods
on OrangeSum in terms of abstractiveness, accu-
racy, and summary length (average words exclud-
ing punctuation).

5. Cross-lingual Text Summarization

5.1. Evaluating Model Robustness
across Multiple Languages

In this section, we evaluate the cross-lingual ab-
stractive summarization capabilities of our ap-
proach. The goal is to generate French sum-
maries from source documents written in various
languages. To this end, we fine-tuned the MLSUM-
trained model on the French WikiLingua dataset,
which contains source documents and summaries
in French. This finetuning improves the model’s
relevance to the dataset’s specific characteristics.
The NE injection module is not used, as WikiLingua
consists of how-to guides, which contain very few
named entities. Indeed, our analysis of the training
set source documents revealed an average of only
1.37 named entities per document.

For evaluation, we used a unified WikiLingua test-
set constructed as the intersection of test sets of the
studied source languages (French, English, Span-
ish, Italian, Portuguese, Dutch, German), aligned
through their corresponding French summaries, re-
sulting in 2,166 common test samples.

We observe from table 5 that performance across
languages for each SBARThez model remains rel-
atively consistent. For example, the BertScore
is around 28 for EN, ES, IT, PT and NL with
SBARThez-BGE, indicating that summarization
quality does not significantly vary between these
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languages. The same trend holds for the other two
SBARThez variants. However, when comparing
these results to the FR→FR setup, we notice a drop
in performance. This may be because SBARThez
models were fine-tuned on the French WikiLingua
dataset, making them more suitable for processing
text embeddings derived from French data.

SBARThez
BGE

SBARThez
LaBSE

SBARThez
SONAR

R-L ↑ BertS ↑ R-L ↑ BertS ↑ R-L ↑ BertS ↑
FR 24.18 32.80 20.17 26.32 23.18 32.21
EN 20.29 28.30 18.87 24.89 21.56 30.03
ES 20.06 28.70 18.80 24.25 21.54 29.62
IT 19.89 28.63 18.25 24.38 20.82 29.47
PT 19.70 28.50 18.56 25.22 21.19 30.07
NL 20.23 28.35 19.16 25.38 21.94 30.10
DE 19.52 27.76 18.71 25.16 21.71 30.47

Table 5: Results on WikiLingua commun test-set.

5.2. Performance in High and
Low-Resource Language Settings

As in the previous section, the goal here is to gener-
ate French summaries from source documents writ-
ten in both high- and low-resource languages. We
use the MLSUM-trained model, retraining it solely
on the French portion of CrossSum (French docu-
ments paired with French summaries) to improve
its relevance to the dataset’s specific requirements.
Due to the scarcity of accurate NER systems for
low-resource languages, we opt out of using the NE
injection module. We employ SBARThez-BGE and
compare its performance against two baselines:
Translate-Then-Summarize (TTS) involves trans-
lating source documents into French using the
M2M-100 1.2B Machine Translation (MT) model
(Fan et al., 2021), followed by summary generation
using BARThez fine-tuned on French CrossSUM.
A multilingual large language model (LLM),
specifically LLaMA-8B, is prompted in a zero-shot
setting to produce French summaries.

The results are presented in Tables 6 and 7.
The evaluation set, denoted as Test-Dev, combines
the test and development sets. The number of
samples is displayed alongside each result. Our
approach excels in high-resource languages ac-
cording to BertScore, outperforming other methods
in English, Ukrainian and Japanese while closely
matching the TTS method’s performance in other
high-resource languages. Notably, our SBARThez-
based method outperforms both TTS and LLM ap-
proaches across all low-resource languages, with
exceptions for Urdu (UR) and Sinhala (SI).

A key point to emphasize is that languages such
as Igbo (IG), Kirundi (RN), and Pidgin (PCM) were
not seen in the training of the BGE embedding
model. Despite this limitation, our SBARThez-BGE

approach still achieves strong results and outper-
forms all other methods on these languages. In
contrast, for Kirundi and Pidgin, we were unable
to find suitable MT systems to translate these lan-
guages into French, rendering the TTS approach
ineffective in the absence of available MT models.

Overall, these findings demonstrate the signifi-
cant advantage of our approach for cross-lingual
summarization, particularly in low-resource lan-
guages, where it maintains strong performance
even in the absence of NER resources or embed-
ding model support for the source language.

6. Speech Summarization

6.1. Experimental Setup and Results

Three experiments were conducted to adapt the
MLSUM-trained model to the speech modality.
First, the model was fine-tuned on manual tran-
scriptions from DECODA, resulting in a text-based
model. Second, we fine-tuned the model on DE-
CODA speech data, using three separated speech
utterance embeddings generated by either SONAR,
SAMU-XLSR, or SENSE. Finally, we experimented
with fine-tuning the model using both speech and
text modalities by merging and shuffling their text
and speech embeddings.
Baselines: For comparative analysis, we also fine-
tuned BARThez on the manual transcriptions of DE-
CODA and integrated it with two different Automatic
Speech Recognition (ASR) systems. Cascaded_1
uses Whisper Tiny for ASR and BARThez for sum-
marization, resulting in a Word Error Rate (WER) of
64.13% on the test set. In contrast, Cascaded_2
leverages Whisper Large for ASR and BARThez
for summarization, achieving a WER of 26.01% on
the test set.
NE extraction: To enable the NE injection module,
we fine-tuned the Whisper-small model (Radford
et al., 2023) on DECODA to minimize WER. The re-
sulting ASR model was integrated with the Speech-
Brain toolkit (Ravanelli et al., 2024) to transcribe
speech and then extract named entities from the
transcriptions using the NER model.
Audio segmentation: To segment the audio files
and extract the sequence of speech utterance em-
beddings used as input to the SBARThez model,
we rely on the ground-truth time boundaries pro-
vided in DECODA. Each audio file in the corpus
is divided into segments with annotated start and
end times. Accordingly, if an audio file contains 8
segments, we generate 8 corresponding speech
embeddings; one for each segment.
Results Analysis: Results presented in Table 8
reveal that all SBARThez variants exhibit their best
performance on the speech test-set when trained
with both text and speech modalities. This indicates
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EN AR RU UK KO JA VI ID SW HI
SBARThez-BGE (ours) 29.40 29.83 29.15 29.91 28.59 33.25 28.92 30.64 30.95 25.61
MT+BARThez 29.11 30.71 30.05 28.89 28.68 15.65 30.18 31.62 31.33 26.49
LLaMA-8B 25.00 26.33 24.61 25.61 24.19 29.23 26.12 25.61 21.48 20.68
#Test-Dev Samples 377 197 160 143 52 54 88 204 174 119

Table 6: Results on CrossSum using BertScore ↑ – High-Resource Languages

PA UR PS MR YO SO AZ TA MY SI GU IG RN PCM
SBARThez-BGE (ours) 18.40 17.19 28.38 25.81 30.75 28.52 29.44 25.72 26.03 25.98 25.11 26.77 26.14 29.81
MT+BARThez 16.05 17.67 27.42 24.37 16.25 05.28 22.54 15.24 06.44 27.09 03.09 05.45 - -
LLaMA-8B 14.62 21.61 25.99 19.89 23.96 21.64 24.22 15.32 21.65 24.03 19.38 17.92 22.57 25.53
#Test-Dev Samples 45 152 36 46 33 100 42 84 17 19 46 20 144 88

Table 7: Results on CrossSum using BertScore ↑ – Low-Resource Languages.

that training with speech embeddings enhances
the model’s performance on speech. In addition,
SBARThez-BGE achieves a BertScore of 35.07
on the text test-set and 35.05 on the speech test-
set, demonstrating consistent performance across
modalities. As shown in the same table, WER
has a clear impact on the performance of cas-
caded approaches. For example, when switching
from Whisper Large (lower WER) to Whisper Tiny,
the BertScore drops significantly, from 38.54 to
32.55. In comparison, while SBARThez-BGE and
SBARThez-SONAR outperform the Cascaded_1,
they are still behind the Cascaded_2 system. This
performance gap may be explained by the use of
a generic NER system that can only extract PER,
ORG, and LOC entities, while DECODA mainly
contains domain-specific entities such as phone
numbers, prices, and transport types, which are
not captured by the generic NER system.

Model Train
Data

Test
Data R-L ↑ BertS ↑

BARThez Text Text 29.11 38.90
Cascaded_1 - Speech 23.43 32.55
Cascaded_2 - Speech 27.82 38.54

SBARThez
BGE

Text Text 24.64 35.07
Text Speech 22.86 32.05

Speech Speech 23.99 34.64
Both Speech 24.43 35.05

SBARThez
LaBSE

Text Text 22.26 32.39
Text Speech 21.03 30.28

Speech Speech 21.09 31.03
Both Speech 22.05 31.39

SBARThez
SONAR

Text Text 24.52 34.89
Text Speech 20.88 32.44

Speech Speech 23.58 32.73
Both Speech 23.34 33.50

Table 8: Results on the DECODA test-set.

6.2. Impact of Audio Segmentation
In real-world scenarios, the ground-truth (GT) audio
segmentations used to obtain the results in sub-
section 6.1 are not available. Therefore, we use
automatic audio segmentation methods and ana-
lyze their impact on the effectiveness of speech
summarization. These methods include:

Content-aware Segmentation: The boundaries
of an audio segment are determined by the acoustic
or linguistic properties of the signal. We evaluate
two methods: (1) Voice Activity Detection (VAD)
detects the presence or absence of human speech,
segmenting the audio where speech begins and
ends. We use the Silero-VAD tool (Team, 2024).
(2) Speaker Diarization (Spk DIAR) divides audio
into homogeneous segments based on speaker
identity, thereby segmenting the audio at speaker
turns. We use the pyannote toolkit (Bredin, 2023).

Time-driven Segmentation: The audio is di-
vided into fixed-length segments, regardless of
speech or speaker content. This simple approach
relies solely on duration. We evaluate three vari-
ants with segment lengths of 3, 5, and 8 seconds.

We evaluate the fine-tuned SBARThez-BGE
model, trained on manual transcriptions of DE-
CODA, using different segmentation strategies (Ta-
ble 9). The results show that all segmentation meth-
ods maintain summary quality, with Rouge-L and
BertScore values comparable to those obtained us-
ing GT segmentation. Among automatic methods,
segmentation into 5-second segments achieves the
best performance after the GT segmentation, while
8-second segments also yield results close to the
GT baseline. This indicates that our approach re-
mains effective even when using longer audio seg-
ments. Overall, our method demonstrates consis-
tent performance across various segmentation ap-
proaches, including simple time-based ones, mak-
ing it valuable for real-world applications.

Category Method R-L ↑ BertS ↑
GT Segmentation - 24.64 35.07
Content-aware
Segmentation

VAD 23.51 34.43
Spk DIAR 24.18 34.95

Time-driven
Segmentation

3sec fixed 23.83 34.23
5sec fixed 24.42 34.98
8sec fixed 23.80 34.22

Table 9: Segmentation results with SBARThez-
BGE. Evaluation is made on speech segments us-
ing different segmentation methods.
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7. Conclusion

In this paper, we introduce SBARThez, a novel ab-
stractive summarization approach that leverages
semantic sentence-level embeddings, moving be-
yond traditional token-level encoding. We address
the issue of hallucinated named entities with a
Named Entity Injection mechanism. Our experi-
mental results show that SBARThez produces more
abstractive summaries than token-based models,
while maintaining competitive performance and sur-
passing strong baselines in the cross-lingual set-
ting, particularly for low-resource languages. Our
approach is also highly versatile: it can be applied
to both text and speech inputs, and supports multi-
lingual source documents. This allows for efficient
generation of high-quality summaries from multiple
languages without requiring additional training or
adaptation. This work opens up promising avenues
for future research in end-to-end speech summa-
rization and cross-lingual summarization.

8. Limitations

Our study focuses on generating French abstractive
summaries. While the methodology could extend to
other languages, including English or low-resource
ones, further validation is needed to confirm its
generalizability. Furthermore, although we demon-
strate the effectiveness of our approach for summa-
rization, its applicability to other NLP tasks, such
as question answering, paraphrasing, or text sim-
plification, remains to be explored. Generalizing
the method across different tasks could provide
broader insights into its versatility and robustness.
Finally, one key limitation in this study is the lack of
suitable factual consistency metrics for French. Ex-
isting open-source metrics are primarily designed
for English, and while G-Eval (Liu et al., 2023) is
currently one of the best-performing metrics with
GPT-based models, its reliance on closed-source,
high-cost models prevented us from using it in our
evaluation. Despite these limitations, we believe
this work introduces a promising new approach to
abstractive summarization and makes a meaningful
contribution to ongoing research in the field.
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