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Abstract. Article separation for historical newspapers is an important 
task in the analysis of historical documents. But so far, it remains an 
under-researched area. Since historical newspapers themselves have two 
modalities, text, and image, this requires multimodal processing for infor-
mation extraction. To tackle this task while accounting for the unique 
characteristics of historical newspapers, we propose an article separation 
model using a multimodal transformer structure. This model processes 
the newspaper image along with the bounding boxes and text content of 
its text blocks, linking them based on a predefined rule to reconstruct the 
overall page structure. The text and image information of the connected 
text blocks are then fed into a cross-modal transformer, and the classifier 
determines whether the connections between the text blocks need to be 
removed or not. The text blocks that remain connected are recognized as 
forming an article. A mask method is used to allow the image to reflect 
the positional relationships of the text blocks. We evaluated our architec-
ture on two datasets, Neweye’s NLF and BNF. The results demonstrate 
that Ar-Q-former significantly outperforms similar structural modeling 
methods, achieving up to 19% points higher ARF 1 on NLF and 22% 
points on BNF. It also reaches a performance level comparable to the 
reading order simulation method. However, there remains an approxi-
mate 10% point gap in mACS mP P A compared to rule-based meth-
ods, which are specifically tailored to these datasets. Nevertheless, Ar-
Q-former exhibits greater generalizability. Additionally, this approach 
introduces multimodal text-image analysis and interaction compared to 
previous studies by innovatively incorporating the mask-image method 
to capture visual and positional information between text blocks. 
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1 Introduction 

Historical newspapers are invaluable resources that record social, political, and 
economic events across different periods of history. Extracting information from 
these documents helps preserve cultural heritage and prevents the loss of impor-
tant historical knowledge. With the advancement of information technology, an 
increasing number of historical newspapers are being digitized, as seen in ini-
tiatives like Europeana [ 18] and  NewsEye [ 8]. However, the digitization process 
presents significant challenges, particularly in efficiently and accurately process-
ing the diverse content of historical newspapers. 

A central challenge in this context is article separation (AS), also known as 
article segmentation, which involves segmenting a newspaper page into individual 
articles. Figure 1 is an example of article separation in a historical newspaper. 
This task is essential for organizing and indexing the content for tasks such 
as automated content retrieval, information extraction, and historical analysis. 
Article separation can be broadly categorized into two approaches: visual-cue-
based methods, which rely on the structural features of the newspaper layout, and 
textual-cue-based methods, which utilize textual features such as text similarity 
and linguistic patterns to identify potential article segments [ 30]. 

Visual-cue-based methods are widely applied, but they often fail when deal-
ing with historical newspapers, where degraded quality, diverse formatting, and 
nonstandard layouts complicate layout-based analysis. In contrast, textual cue-
based methods offer a more flexible approach but may not always capture the 
complex visual relationships between text blocks [ 12]. Furthermore, historical 
newspapers often exhibit issues such as skewed, rotated, or blurred text, which 
further hinder the effectiveness of traditional visual cue-based methods [ 13]. The 
variability in layout patterns across different periods, regions, and publishers fur-
ther complicates the task of article separation. 

To address these challenges, we introduce a novel multimodal approach for 
article separation in historical newspapers, leveraging both textual and visual 
information to improve segmentation accuracy. Our method, Ar-Q-former, inte-
grates both textual and visual information to identify the boundaries of the arti-
cle effectively. Specifically, we use a cross-modal transformer to process linked 
text blocks, combining textual content and visual cues to form coherent arti-
cle segments. Additionally, our approach introduces the mask-image technique, 
which preserves the positional relationships between text blocks, further enhanc-
ing the segmentation accuracy. Our method operates under the assumption that 
both the image of the page and the position/content of each text block are 
known. We connect each text block to its neighbouring units below and right, 
effectively modeling the page structure. For each connection (link), we use the 
text backbone to obtain the text semantic vectors of the text blocks at both 
ends of the connection. At the same time, we construct the mask-image of these
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Fig. 1. A demonstration of article separation on a newspaper page from Le Gaulois, 
part of the BNF collection within the NewsEye project. Different articles are visually 
distinguished using unique colors, illustrating the segmentation process. 

two blocks, and use the image backbone to obtain the visual semantic vectors of 
the mask-image. Finally, we input the text and visual semantic vectors into the 
cross-modal transformer (Ar-Q-former) to capture the semantics of the connec-
tion and determine whether the connection should be preserved by a classifier. 
Ultimately, the text blocks that still retain the connection form an article. 

The main contributions of this work are as follows. 

1. We propose a novel multimodal article separation method, namely Ar-Q-
former, that combines visual and textual cues for accurate article segmenta-
tion in historical newspapers. It is the first approach that uses both visual 
and textual modal interaction ideas in the article separation task and extends 
the structure of Q-Former to enable it to obtain semantic information from 
both modalities by setting up an additional text query while preserving the 
vision query. 

2. We introduce the mask-image method to effectively model the positional rela-
tionships between text blocks, improving the integration of image and text 
information. 

3. We demonstrate the efficacy of our approach through extensive experiments 
on historical newspaper datasets, achieving competitive performance against 
existing methods. 

The remainder of the paper is organized as follows. Section 2 reviews related 
work on article separation techniques. In Sect. 3, we detail our proposed method,
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including the multimodal transformer architecture and the mask-image tech-
nique. Section 4 describes the datasets used for the evaluation, while Sect. 5 out-
lines the experimental setup and presents the results. Finally, we summarize our 
findings and explore potential directions for future research in Sect. 6. 

2 Related Work 

Article separation in historical newspapers remains a crucial yet underexplored 
problem in document analysis. Existing approaches to document segmentation 
can be broadly categorized into rule-based methods, machine learning tech-
niques, and deep learning-driven strategies [ 13]. However, historical newspapers 
pose unique challenges, including complex layouts, poor print quality, and the 
need for multimodal processing, which requires more advanced methodologies. 

Earlier approaches to document segmentation relied primarily on rule-based 
methods, which leverage explicit layout cues such as column structures, whites-
pace, and ruling lines (horizontal and vertical separators) to delineate articles 
[ 11]. Connected component analysis (CCA) and geometric heuristics have been 
used to group text blocks into coherent structures [ 16]. While these methods 
are effective for structured layouts, they struggle with historical newspapers 
due to non-uniform formatting, irregular text alignments, and ink degradation. 
Moreover, rule-based approaches often require dataset-specific parameter tuning, 
limiting their adaptability across diverse newspaper archives [ 2]. 

To address the limitations of heuristic approaches, machine learning models 
have been introduced for article segmentation [ 20]. These models utilize hand-
crafted features such as font size, embeddings, and spatial relationships to clas-
sify text blocks [ 1, 9, 12]. Probabilistic graphical models, including conditional 
random fields (CRFs), have been explored to model contextual dependencies 
between adjacent text blocks [ 24]. While these approaches improve generaliz-
ability compared to heuristic methods, they require extensive feature engineer-
ing and fail to jointly model textual and visual modalities [ 28], which are critical 
for historical newspaper analysis. 

With the advent of deep learning, convolutional neural networks (CNN) and 
transfer learning architectures have demonstrated significant advances in docu-
ment analysis tasks [ 14]. Fully convolutional networks (FCNs) and U-Net vari-
ants have been applied for semantic segmentation of historical newspaper pages, 
achieving promising results in text and non-text region classification [ 23]. How-
ever, these pixel-based approaches often struggle with precise article boundary 
identification, especially when textual and visual elements are intertwined. 

Recently, multimodal deep learning models have gained traction in document 
analysis. The combination of CNNs for visual feature extraction and recurrent 
neural networks (RNNs) for textual understanding has been explored in layout 
analysis tasks [ 3]. The rise of vision transformers (ViTs) has further enabled 
joint modeling of document images and textual structures [ 6, 29]. Although some 
transformer-based models have been employed for document layout recognition 
[ 19, 25], their application to article separation in historical newspapers remains
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largely unexplored. The integration of multimodal learning for article separation 
is a relatively nascent area. Existing works incorporating both textual and visual 
cues focus mainly on modern document layouts, overlooking the complexities 
of historical documents [ 5]. The necessity of modeling cross-modal interactions 
between text and images has led to the development of graph-based approaches, 
where relationships between text blocks are explicitly modeled as graph nodes 
and edges [ 10]. However, these methods often assume high-quality OCR results, 
which are often not feasible for degraded historical prints. 

Table 1. Summary of approaches for article segmentation in historical newspapers. 

Refs Method Visual Textual Limitation 

[ 11, 16] Rule-based ✔ ✗ Struggles with non-uniform formatting, irregular 
text alignment, ink degradation. Requires dataset-
specific parameter tuning. 

[ 1, 9, 12] Machine 
learning 

✔ ✔ Requires extensive feature engineering. Fails to 
jointly model textual and visual modalities. 

[ 23] Deep learning 
(CNNs) 

✔ ✗ Struggles with precise article boundary identifica-
tion, especially when text and visual elements are 
intertwined. 

[ 3, 6, 29] Deep learning 
(Multimodal) 

✔ ✔ Focuses on modern documents; challenges in 
dealing with historical newspaper complexities 
(degraded prints). 

[ 10] Graph-based ✔ ✔ Assumes high-quality OCR results, which is 
often not feasible for historical documents with 
degraded prints. 

Ar-Q-former 
(ours) 

Deep learning 
(Multimodal) 

✔ ✔ Robust to varying layouts in historical newspa-
pers; dynamic learning through end-to-end multi-
modal interaction. 

Our proposed Ar-Q-former builds upon prior multimodal segmentation 
research while addressing the distinct challenges of historical newspaper anal-
ysis. This is the first time that the Q-Former structure has been utilized for 
multimodal semantic extraction and combined with structural for the analysis of 
historical newspapers in the article separation task. By leveraging a transformer-
based cross-modal encoder, our approach integrates textual content and spatial 
relationships in a unified manner. Unlike previous methods that rely solely on 
CNN-based feature extraction or rule-based heuristics, our model dynamically 
learns article structures through end-to-end multimodal interaction, ensuring 
robust performance across varying newspaper layouts. Furthermore, the intro-
duction of the mask-image method provides explicit positional awareness, which 
improves segmentation accuracy in complex historical newspapers. Table 1 gives 
a general introduction to the relevant methods. 
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3 Method 

Our proposed method comprises four key steps, as shown in Fig. 2, the  (i)  struc-
tural modeling phase establishes connections between text blocks based on spa-
tial arrangement, the (ii) textual and visual semantic extraction phase encodes 
meaningful representations, the (iii) semantic acquisition of connections is done 
with Ar-Q-former to capture cross-modal relationships, and the (iv) link classi-
fication and article prediction retains or remove connections. After these steps, 
text blocks that remain connected are considered to form an article. 

Fig. 2. Pipeline of Ar-Q-former. 

Ar-Q-former extends the structure of Q-Former [ 21] to transform it from an 
image understanding Q&A model to a document multimodal semantic extraction 
model, a change that is achieved by adding text query. In the original structure, 
only vision query is used to extract visual semantics, and the goal is to align the 
visual semantics with the textual semantics and generate vectors that are suitable 
for text generation, rather than reflecting the semantic differences between text 
blocks. And Ar-Q-former adds text query on top of vision query, which is used 
to allow the model to extract text semantic features, instead of simply accepting 
only the raw output of the text backbone. For the vision unit, mask-image is also 
used to reflect the relationship between the position and layout of the two text 
blocks, which makes Ar-Q-former more suitable for the semantic extraction task 
compared to Q-Former. To explore the effect of the number of text and vision 
queries on semantics extraction, we also tested the model’s performance when 
the number of queries was expanded from 64 to 512. 

3.1 Structure Modeling 

In this step, we model the structure of historical newspapers to extract articles. 
As the text blocks that form an article are typically adjacent to each other 
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in the reading order, we connect text blocks based on proximity. Due to the 
absence of precise annotation of the reading order of historical newspaper data, 
we model the layout of the newspaper in a top-to-bottom and left-to-right order. 
For instance, connect the text block below and the text block right, which has 
the smallest Euclidean distance. When finding the lower block B in block A, the  
distance between the midpoint of the lower line of the border box of A and the 
midpoint of the upper line of the border box of B is computed. In contrast, when 
finding the right block R, the midpoint of the right line of A and the midpoint of 
the left line segment  of  R are computed. Figure 3 shows examples of text block 
linking, with a relatively simple layout on the left and a relatively complex one 
on the right. 

Fig. 3. Examples of text block linking. 

3.2 Textual and Visual Semantic Extraction 

Following the structural modeling, we get multiple connections, where each con-
nection consists of two linked text blocks. To assess whether a connection should 
be retained, we analyze the semantic relationship between the two text blocks. 

For textual semantics, we use a pre-trained language model based on 
hmBERT [ 26], which is specifically trained on historical newspapers. While 
hmBERT was pre-trained for named entity recognition, we adapted it to repre-
sent paragraph-level semantics by overlaying a transformer encoder layer on top 
of the original language model. This approach helps mitigate errors that could 
arise from using the model for historical text semantic extraction [ 4]. We use the 
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embedding of the [cls] token as the semantic representation for the entire text 
block. 

Newspaper text blocks contain not only the textual information modality but 
also the layout and visual modalities, so it is necessary to analyze the seman-
tic information of both modalities simultaneously. Most of the previous work 
is to obtain the semantics of the layout by embedding the positional informa-
tion of the text directly into vectors [ 17, 22], but the pre-training data of these 
works are structured text, such as receipts and invoices. However, the layout of 
the newspaper is more complex, coupled with the insufficient volume of training 
data. Some related works [ 27, 28] show that it is difficult to enhance the semantic 
differentiation of text blocks by using only simple position vectors. Facing this 
problem, we propose the method of mask-image to unite layout and visual infor-
mation: only retain the images of the two text blocks connecting the two ends 
and mask the other regions. We selected Vision Transformer [ 7] as the  visual  
backbone and processed the mask-image to obtain semantic vectors for vision 
and layout modalities. Also, in order to explore the effect of separator lines on 
layout understanding, we binarized the newspaper image in addition to masking 
all the remaining areas; pixel dilation and erosion operations were performed in 
order to filter out pixels such as text and images, retaining only linear objects. 
Figure 4 shows an example of mask-image with and without separator lines. 

Fig. 4. Examples of mask-images. The left and right sides are without and with sepa-
rator lines, respectively. 

3.3 Ar-Q-Former 

Ar-Q-former is a cross-modal semantic transformer model inspired by the BLIP-
2 [  21]. This general structure is shown as Fig. 5. It consists of two main parts: 
a visual unit and a textual unit. Each unit is composed of an encoder and 
decoder with a transformer structure. The encoder consists of self-attention lay-
ers, while the decoder employs learnable query vectors to capture the semantics 
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of the corresponding modality. Text and image information are first transformed 
into modal semantic vectors through the corresponding backbone. These vectors 
are then fed into the encoder of the corresponding modality unit for individual 
processing and then accompanied by the query for cross-attention operation to 
achieve the interaction between the text and visual modalities. The output of 
the entire Ar-Q-former is then used to describe the common semantics of the 
two text blocks, i.e., to describe the connection semantic information. The Ar-
Q-former uses the same structure as BERT, and the query vectors are randomly 
initialized by a layer of learnable parameters. 

Fig. 5. Structure of Ar-Q-former. 

3.4 Link Classification and Article Prediction 

After obtaining the semantic vectors from Ar-Q-former, we classify the con-
nections between text blocks. These vectors are fed into a classifier to deter-
mine whether the connection should be retained or removed. If the connection is 
retained, it implies that the two text blocks are semantically related and belong 
to the same article. If the connection is removed, the text blocks are considered 
independent and should be placed in separate articles. 

Once all connections have been classified, article separation is complete. Text 
blocks that remain connected will form a complete article. To build an efficient 
classifier, we use a multi-layer fully connected network. The semantic vectors 
from Ar-Q-former serve as input, and the final classification result is generated 
through a single output layer. ReLU activation and dropout are applied after 
each fully connected layer to improve the generalization ability and prevent over-
fitting of the model. This architecture enables the classifier to accurately identify 
the relationships between text blocks, ensuring precise article segmentation. 
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4 Experiments 

We used two subsets, BNF and NLF, from the publicly accessible NewsEye 1 
dataset [ 30]. The evaluation metrics used were mean article coverage score 
(mACS), mean proper predicted articles (mPPA) [  12], precision (ARP ), recall 
(ARR), and F1-score (ARF 1) [  15]. We illustrate the detailed parameters we used 
in our experiments and compare the results of Ar-Q-former against other bench-
marks on these datasets. 

4.1 Datasets 

The NewsEye dataset [ 30], a collection of newspapers from the 19th to the 20th 
century, was used for the experiments and labelled by the annotator at the 
granularity of paragraphs and articles, which includes the border-box of each 
text block (paragraph), the textual content, and the index of the article they 
belong to. For data accessibility reasons, we used two subsets of the dataset: NLF 
and BNF, sourced from the national libraries of Finland and France, in Finnish 
and French, respectively. The dataset statistics are summarized in Table 2. 

Table 2. Statistics of the NLF and BNF subsets of the NewsEye dataset. 

Dataset Pages Sentences Paragraphs Articles 
NLF 200 22,042 6,348 3,282 
BNF 182 50,698 6,792 3,061 

4.2 Evaluation Metrics 

As article separation is a complex task, some specific evaluation metrics have 
been proposed, including mean article coverage score (mACS), mean proper 
predicted articles (mPPA) [  12], precision (ARP ), recall (ARR), and F1-score 
(ARF 1) [  15]. 

mACS and mPPA  evaluate the effect of article separation from the perspec-
tive of a single article and the overall newspaper page, respectively. mACS is 
defined as 

mACS = 1  − 
n 

x=1 

AERx 

n 
, (1) 

where AERx describes the error rate for a single article, which in turn generalises 
to the entire test set. Assuming that the whole test set contains n articles, PTPx 

and GT Px denote the prediction and truth value for the xth article, respectively, 
which are the set of indexes of the text block. AERx is defined as 
1 https://www.NewsEye.eu/. 

https://www.NewsEye.eu/
https://www.NewsEye.eu/
https://www.NewsEye.eu/
https://www.NewsEye.eu/
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AERx = 
|PTPx ⊕ GT Px| 
|PTPx ∪ GT Px| . (2) 

In evaluating article separation from the page perspective, we assume that 
there are P pages in the test set, with m articles per page, and the model 
successfully predicts n articles. The mPPA  is then defined as 

mPPA  = 
P 
p=1 

n 
m 

P 
. (3) 

ARP , ARR, and  ARF 1 were initially designed for text recognition tasks 
but have been adapted for article separation [ 15]. The ground truth labels are 
denoted as GT , containing M articles, each represented as a set of text block 
indices. Predictions are denoted as PT  , containing N articles. We construct an 
evaluation matrix Eva, where the element itemij corresponds to the precision 
value between GTi and PTj . The precision is calculated using Algorithm 1. 

Algorithm 1. Greedy Algorithm 
Form matrix Eva ∈ RM ∗N 

Result ← [] 
while Eva is not empty do 

max ← one of the maximal elements in Eva 
Add max into Result 
Eva ← take Eva and delete corresponding row and column of max 

end while 
return Avg(Result) 

ARR is also computed in the same manner. The difference is that the items 
in Eva are recall values. After ARP and ARR are obtained, the ARF 1 is calcu-
lated as 

ARF 1 = 
2 ∗ ARP ∗ ARR 

ARP + ARR 
. (4) 

4.3 Benchmarks 

In order to propose a fair comparison of our approach to the state-of-the-art, we 
used three methods, namely NewsEye [ 8], STRAS [ 12] and LIAS [ 28], which were 
developed on the selected dataset. NewsEye employs a graph neural network 
(GNN) to model the semantics of each text block after structural modeling, 
followed by clustering to group blocks into articles. STRAS is a fully rule-based 
method that relies on semantic similarity and other metrics to predict articles. 
LIAS first establishes the reading order of the text blocks and then analyzes 
adjacent blocks to segment the reading order and predict articles. 
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4.4 Experiment Details 

The kernel size for the morphological operations used to obtain separator lines in 
Ar-Q-former is (

√
width×1.2, 1) and (1, 

√
height×1.2). For the text backbone, 

we used pre-trained hmBert 2 and kept it frozen during the experiment. For the 
vision backbone, we used ViT for weight initialization, which was integrated into 
the training process. The input image size was set to (512, 512). Ar-Q-former 
uses a BERT structure with randomly initialized weights at the beginning of 
training, and the maximum position was set to 1,024. The entire model was 
trained using the AdamW optimizer with a learning rate of 5e-5, a batch size 
of 64, and a dropout rate of 0.1. The training was conducted on 2 Nvidia H100 
GPUs. 

5 Results and Analysis 

We report in Table 3 a comparison of performance between our proposed archi-
tecture and three groups of benchmarks, including structural modeling, rule-
based, and reading order-based methods. Additionally, we explore the effect of 
the model’s parameters on the results. 

Table 3. Comparison between Ar-Q-former and other benchmarks on NLF and BNF 
datasets. 

Methods NLF BNF 
mACS mPPA  ARP ARR ARF 1 mACS mPPA  ARP ARR ARF 1 

Structural modeling 
NewsEyedbscan 0.375 0.066 — — 0.754 0.447 0.105 — — 0.697 
NewsEyegreedy 0.327 0.054 — — 0.757 0.356 0.094 — — 0.652 
NewsEyehierarchical 0.382 0.061 — — 0.757 0.538 0.139 — — 0.690 

Rule-based 
ST RASpre 0.790 0.606 — — — 0.800 0.634 — — — 
ST RASsg 0.861 0.785 — — — 0.834 0.700 — — — 
ST RAScbow 0.855 0.792 — — — 0.806 0.631 — — — 
ST RASft 0.827 0.700 — — — 0.798 0.612 — — — 

Reading order-based 
LIAS 0.907 0.719 0.961 0.955 0.957 0.870 0.588 0.897 0.943 0.919 
LIAS+bbox 0.886 0.688 0.949 0.958 0.952 0.804 0.470 0.888 0.916 0.901 

Multimodal 
Ar-Q-former512 0.850 0.683 0.909 0.970 0.948 0.709 0.624 0.879 0.962 0.919 

2 bert-base-historic-multilingual-64k-td-cased. 

https://huggingface.co/dbmdz/bert-base-historic-multilingual-64k-td-cased
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5.1 Ar-Q-Former vs. Structural Modeling 

NewsEyex represents the NewsEye method using different clustering algorithms, 
and the results show that our method greatly outperforms the benchmark in all 
metrics. The NewsEye method is the most similar to our proposed method, i.e., 
firstly, the structure of the newspaper’s page is modeled to obtain the semantic 
vectors of the text block, and then article aggregation is performed. The differ-
ence between the two methods is that after NewsEye uses the text backbone to 
obtain the initial semantic vectors, GNN is used to process the graph structure 
composed of text blocks. The feature vectors of the nodes in the graph are the 
initial semantic vectors. Ar-Q-former, on the other hand, uses a stacked trans-
former encoder to mitigate the semantic error of the backbone. NewsEye only 
uses the semantics of one text modality, while Ar-Q-former uses mask-image on 
top of it to introduce visual and layout semantics, which makes the model learn 
more dimensional features thus improving the results of article separation. 

5.2 Ar-Q-Former vs. Rule-Based Approaches 

ST RASX represents the semantic vectors of text blocks obtained using different 
text backbones. For mACS, Ar-Q-former achieves similar results to the ST RAS 
method on the NLF dataset but worse on the BNF dataset. This phenomenon 
is due to the fact that the structure of the news pages in the BNF dataset is 
more complex, and the adaptability of our text block connection method to 
this dataset is weakened. For mPPA, ST RAS outperforms Ar-Q-former on 
both datasets, which is a result of low mACS, and for the entire test set, Ar-
Q-former ’s performance at the article level affects the page level as well. This 
comparison of results shows that our method is quite a bit farther away from a 
rule set that is specialized for the dataset. However, one of the major drawbacks 
of the ST RAS approach is the lack of generalizability. Since all the rules are 
specific to the current dataset, they need to be reformulated when facing a new 
newspaper dataset, which makes it difficult to quickly migrate it to other types 
of newspapers. However, Ar-Q-former can use the same architecture when facing 
the same problem and only needs to retrain the weights of the semantic extractors 
for each modality. But one thing we need to think about more deeply is how to 
improve the performance of the method while ensuring its generalizability. 

5.3 Ar-Q-Former vs. Reading Order-Based Approaches 

LIASbbox denotes the introduction of position embedding on top of the original 
model. Ar-Q-former achieves the best mPPA  on BNF and performs similarly to 
LIASbbox on other metrics. LIAS reconstructs the reading order through sep-
arator lines. Whereas Ar-Q-former ’s structural modeling approach ignores the 
precise logical order between text blocks. This comparison shows that the read-
ing order is a piece of crucial information for article separation when analyzing 
the structure by layout. The comparison also shows that simply using position 
embedding to reflect the layout information of a page does not produce semantic 
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enhancement in historical newspaper analysis, which is the motivation for Ar-Q-
former to use mask-image. The results also show that this method enables the 
model to achieve similar results when key information such as reading order is 
missing, which also proves the feasibility of mask-image. 

5.4 Impact of Query Count and Separator Lines 

Table 4. Performance Comparison of Ar-Q-former Variants on NLF and BNF datasets 

Params 
NLF BNF 

mACS mP P A ARP ARR ARF 1 Avg. mACS mP P A ARP ARR ARF 1 Avg. 

Ar-Q-former64 0.796 0.659 0.871 0.980 0.921 0.845 0.679 0.584 0.819 0.979 0.888 0.790 
Ar-Q-former64,no_sep 0.725 0.595 0.823 0.974 0.898 0.803 0.466 0.449 0.679 0.780 0.726 0.620 

Ar-Q-former128 0.798 0.661 0.815 0.981 0.892 0.829 0.680 0.608 0.857 0.970 0.910 0.805 
Ar-Q-former128,no_sep 0.772 0.582 0.829 0.977 0.892 0.810 0.669 0.580 0.675 0.946 0.788 0.732 

Ar-Q-former256 0.815 0.668 0.884 0.975 0.927 0.854 0.688 0.624 0.879 0.959 0.918 0.814 
Ar-Q-former256,no_sep 0.803 0.639 0.853 0.969 0.907 0.834 0.665 0.604 0.850 0.953 0.898 0.794 

Ar-Q-former512 0.850 0.683 0.909 0.970 0.948 0.872 0.709 0.624 0.879 0.962 0.919 0.819 
Ar-Q-former512,no_sep 0.825 0.640 0.879 0.903 0.890 0.827 0.681 0.620 0.857 0.955 0.903 0.793 

As  shown in Table  4, Ar-Q-formerx,no_sep represents x queries in Ar-Q-
former for text and visual modalities, respectively, with separator lines removed 
from mask-image. The results show that across all datasets and metrics, the per-
formance of the model improves accordingly with the increase in query, except 
for the NLF dataset where there is a decrease in F1 value when increasing the 
number of queries from 64 to 128, which may be related to the training parame-
ters. Nonetheless, the overall trend remains consistent. An increase in the num-
ber of queries implies that more vectors are available to capture the semantic 
information of both visual and textual modalities, providing more semantically 
discriminative input vectors for the connection classifier. However, in addition to 
increasing the number of queries, it may also be beneficial to explore expanding 
the dimensionality of individual query vectors. 

Furthermore, by comparing the results for the same number of queries with 
and without separator lines in the mask-image, it is evident that incorporat-
ing separator lines in the visual modality yields better results. Since the data 
analyzed are historical newspapers, separator lines can assist the model in under-
standing the layout information, especially since separator lines act as text seg-
mentation in the newspaper itself. 

6 Conclusion 

We propose a new multimodal historical newspaper article separation method, 
Ar-Q-former. This approach establishes corresponding query vectors for both 



490 W. Sun et al. 

visual and textual modalities and introduces a cross-attention mechanism to 
facilitate interaction between the two modalities during semantic vector compu-
tation, ultimately generating a unified embedding for each text block. It is the 
first model to use textual and visual multimodality in the historical newspaper 
article separation task. Based on Q-Former, we added a text query to transform 
it from an image query model to a multimodal semantic extraction model. 

A key feature of this method is the integration of the mask-image, which 
incorporates the layout semantics of the text block into the visual modality. 
The method involves connecting text blocks on a newspaper page according to a 
predefined rule set, followed by structural modeling of the page. A mask-image is 
created for each connection, and the embeddings of the text and mask-image at 
both ends of the connection are extracted through the text and vision backbones. 
The semantic vectors of both modalities are then processed through Ar-Q-former 
to obtain the connection embedding. Finally, a classifier is applied to determine 
whether the connection should be retained. 

We evaluated the method on NewsEye’s NLF and BNF for testing, and the 
results demonstrate that our method outperforms similar structural modeling 
techniques and achieves performance comparable to reading-order simulation 
methods. However, a gap remains compared to rule-based methods specifically 
tailored for the datasets used. Nonetheless, Ar-Q-former exhibits greater gener-
alizability. The results also highlight the importance of query vectors and sep-
arator lines, with experiments confirming that increasing the number of query 
vectors improves the model’s performance. Combining the experimental results 
of each model, we can see that the symbolic approaches specifically formulated 
for the dataset are still better than the neuronal approaches proposed for the 
pursuit of universality, which gives us a direction worth exploring: the symbolic-
neuronal approach, i.e., to first formulate a rule set based on the data, e.g., the 
connection of text blocks or the reading order, and then use neural network 
models to further analyze it. 
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