
Journal of Digital Media & Culture Technology Vol.6, No.1, June (2026), pp.45-58

ISSN 2983-0664(p) 2983-0850(e) http://dx.doi.org/10.29056/jdmct.2026.06.05

© 2026 The Authors. Published by NCISS.
This is an open access article licensed under the Creative Commons Attribution-NonCommercial 4.0 International License.
To view a copy of this license, visit http://creativecommons.org/licenses/by-nc/4.0/. 45

Entity-Aware Bidirectional Attention-Based Gated Fusion for 

News Classification

Jun-Yeong Kang1, Yousung Yeon2, Chang Choi3*

Abstract

As the online news environment shifts toward combining diverse media such as text and images, 

research on multimodal AI-based news classification is underway to address the limitations of information 

loss in single-modality methods and improve classification accuracy by analyzing complex contexts. 

However, existing fusion techniques based on simple concatenation or unidirectional interaction struggle to 

preserve the core context in lengthy texts and fail to resolve the semantic discrepancies caused by 

irrelevant visual noise, ultimately leading to model bias and degraded classification performance. This paper 

proposes an entity-aware bidirectional attention-based gated fusion designed to maintain the key textual 

context and mitigate the bias issues induced by visual noise. The proposed architecture consists of a 

preprocessing stage that prevents context loss using NER and keywords extracted from unstructured text, a 

bidirectional cross-attention stage that aligns features through cross-modal referencing, and a gated fusion 

stage that suppresses noise amplification via modality-specific bias initialization. Experimental results using 

the New York Times N24News dataset demonstrate that the proposed model improves accuracy by up to 

14.04% and F1-score by up to 15.73% compared to existing baseline models, validating its applicability for 

robust news classification even in environments characterized by semantic misalignment and noise.

Keyword : Multimodal News Classification, Bidirectional Cross-Attention, Gated Fusion, Named Entity 

Recognition, Visual Noise

1. Introduction

Multimodal learning combines and processes different modalities, such as text, images, audio, and 

video. Multimodal artificial intelligence (AI) is an AI technology that learns interrelationships between 
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modalities to accurately grasp the overall context and increase the precision of classification [1]. In the 

changing digital media environment, news is increasingly provided in a multimodal format that combines 

text with other media, such as images. Unimodal news has limitations in comprehending complex 

contexts and resolving ambiguous information within the text [2]. Multimodal AI analyzes data by fusing 

different forms of modality to overcome the limitations of a unimodal model. However, news articles 

often include images irrelevant to the text. Fusing these modalities without considering the semantic 

discrepancies between them causes the model to overfit to meaningless visual noise, ultimately degrading 

the final classification performance.

Multimodal AI news classification uses fusion techniques to determine the characteristics of the data. 

However, when text features used in fusion operations are encoded as plain text, it is difficult to 

preserve the main contextual information of the article until the final fusion process [3]. To address 

information loss in plaintext encoding, important contextual information can be preserved by applying 

named entity recognition (NER), which identifies unique entities in unstructured text, and keyword 

extraction techniques. However, simple concatenation provides no mechanism for dynamically adjusting 

weights based on the reliability of the input data; therefore, it cannot prevent predictions from being 

biased by visual noise that is independent of the text [4]. To mitigate visual noise bias, cross-attention 

mechanisms computing the similarity between individual text words and image regions have been 

proposed. However, even when meaningless noise images are input, cross-attention computes local 

similarities with the text for fusion. As a result, it has limitations in evaluating the overall reliability of 

the modality and dynamically adjusting the contribution weights.

In this paper, we propose an entity-aware bidirectional attention-based gated fusion that utilizes entity 

and keyword information to preserve text information and address the classification bias caused by visual 

noise. The proposed architecture consists of three stages: information extraction, bidirectional feature 

mapping, and dynamic gated fusion. The information extraction stage identifies unique entities and 

salient keywords within unstructured text using NER and keyword extraction techniques. This process 

establishes a reference point for evaluating the semantic relevance between modalities, ensuring that 

important context is not compromised by visual noise. Experimental results show that the proposed 

model improves the F1-score by up to 15.73% compared to the baseline. 

The main contributions of this paper are as follows.

•We propose a multimodal fusion architecture that integrates the structured key information of news 

articles with a bidirectional cross-attention mechanism.

•We design a gated fusion mechanism that dynamically controls the relative contribution of each 
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modality to prevent model bias caused by visual noise.

•We introduce a preprocessing technique that preserves the key context of news articles by applying 

NER and keyword extraction to solve the information loss problem.

2. Related Work

Multimodal AI performs classification by learning correlations between different modalities and 

supplementing information that may be missing in unimodal models. However, when news texts are long 

and irrelevant images are included, simple concatenation of the two modalities is limited by semantic 

misalignment. For multimodal news classification, a multimodal framework must incorporate an 

interaction mechanism to address the structural limitations of data fusion methods, information loss in 

long texts, and visual noise issues. Related work is organized into three categories: multimodal fusion, 

context-preserving text representation, and bidirectional attention-based fusion mechanisms.

2.1 Multimodal fusion in news classification

Multimodal fusion methods are classified into early fusion, which concatenates extracted embeddings 

into a single vector, late fusion, which aggregates independent predictions from each modality, and 

hybrid fusion that maps inter-modal interactions within the architecture. Singhal et al. proposed an early 

fusion architecture that integrates visual and textual cues by concatenating feature vectors extracted from 

a pre-trained language model and an image classifier at a single layer [5]. Wang et al. introduced an 

auxiliary classifier to prevent the model from memorizing event-specific patterns and to ensure fused 

features remain unbiased by noise [6]. Nakamura et al. constructed a late fusion architecture that 

aggregates the final predicted scores from text and image models to validate its classification efficiency 

in a multi-class news setting [7].

Since early fusion concatenates extracted global features and late fusion merely aggregates predicted 

scores, both approaches fail to achieve semantic alignment between text and images [8]. Consequently, 

they cannot capture cross-modal interactions between words and objects within images, causing the final 

prediction to be biased by visual noise when generic photos unrelated to the news text are included [9]. 

To address the semantic misalignment and visual bias inherent in early and late fusion, this study 

proposes a hybrid fusion mechanism that dynamically learns inter-modal correlations. Gated fusion 

operates as a computational mechanism that implements the hybrid fusion architecture, dynamically 

determining the final contributions by learning the reliability of features extracted from each modality. 
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Therefore, this study adopts a hybrid fusion architecture combining bidirectional cross-attention and gated 

fusion to achieve semantic alignment while suppressing visual noise.

2.2 Entity and Keyword Extraction for Context Preservation

In multimodal news classification, text features are processed using a standard plain-text approach, 

which utilizes a pre-trained language model to encode the entire article into a global vector. However, 

when complex contexts and factual relationships are compressed into a single vector space, key 

information becomes dispersed due to irrelevant contextual noise, thereby diminishing its semantic 

weight. This leads to the loss of fine-grained semantics, posing a structural limitation that hinders 

precise mapping with image patches during the cross-attention interaction stage. 

In multimodal news classification, various natural language processing (NLP) techniques have been 

explored to compress text context, aiming to prevent information loss in lengthy texts and facilitate 

alignment with visual information. Text summarization is utilized as a method to condense the salient 

content of an article into natural language sentences. Li et al. proposed a method for selecting key 

sentences by leveraging modality attention across text and image data [10]. However, as summarized text 

remains in a sequential format containing predicates and syntactic noise, it unnecessarily disperses 

attention weights during cross-attention for token-level alignment with image patches, thereby introducing 

cross-modal noise. Abstractive summarization reconstructs context through a probabilistic generation 

mechanism that predicts the next word based on statistical correlations. Consequently, it can induce 

hallucination, generating content absent from the original text, thereby compromising the factual integrity 

of the news article [11].

The effectiveness of identifying core issues and keywords from large-scale unstructured data through 

text mining has been validated in previous research [12][13]. Therefore, this study adopts NER and 

keyword extraction to preserve factual information and improve semantic alignment between text and 

images. By directly extracting noun and proper noun tokens from the source text, NER and keyword 

extraction preclude the possibility of information distortion associated with generative models and 

maintain the integrity of the source text. Providing only noise-filtered core semantic information 

optimizes the one-to-one mapping precision between visual objects and text tokens during the 

cross-attention stage. In conclusion, our method circumvents both the loss of fine-grained semantics 

inherent in plain-text encoding and the factual distortions caused by syntactic noise and hallucinations in 

conventional summarization techniques.
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2.3 Bidirectional Cross-Attention and Gated Fusion Mechanisms

Hybrid fusion learns inter-modal interactions within the model to address the limitations of early 

fusion, which involves simple concatenation, and late fusion, which relies on independent predictions 

without such interactions. Unidirectional cross-attention utilizes a single modality as the query to select 

relevant features from the other modality. Jin et al. proposed att-RNN, which leverages news image 

features as a query to assign weights to important words in the text, thereby suppressing the impact of 

text noise [14]. However, since unidirectional cross-attention only reflects the feature vectors of the 

modality used as the query, it fails to synchronize the complex contexts of both modalities, leading to 

significant information loss.

Bidirectional cross-attention allows text and images to cross-reference each other to overcome the 

limitations of unidirectional interaction. Wu et al. enhanced news classification performance by 

employing a Multimodal Co-Attention Network (MCAN), which allows text and image features to reflect 

each other bidirectionally [15]. The softmax operation within attention forces weights to sum to 1.0 

regardless of actual relevance, resulting in distortion where high weights are assigned to noise patches 

even when the semantic similarity between modalities is low. Qi et al. demonstrated that the inclusion 

of generic images irrelevant to the article body causes bidirectional cross-attention to assign high weights 

to non-informative visual patterns, thereby amplifying noise and degrading classification performance 

[16]. Bidirectional interaction architectures are limited in controlling model bias caused by irrelevant 

visual information because they cannot independently evaluate the reliability of each modality [17]. 

This study proposes a hybrid mechanism combining bidirectional cross-attention and gated fusion to 

resolve alignment errors and noise amplification. The bidirectional cross-attention in this study resolves 

the information loss of unidirectional methods by synchronizing and mutually complementing the contexts 

of both modalities [18]. Unlike the forced allocation used in softmax, the integrated gated fusion assigns 

weights by independently verifying the validity of each modality. By closing the gate for irrelevant 

image data, it blocks visual noise and implements semantic alignment based on the actual relevance 

between text and images.

3. Bidirectional Attention-Based Gated Fusion Architecture

This study proposes entity-aware bidirectional attention-based gated fusion to preserve the complex 

context of news data and control bias caused by visual noise.
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[Fig. 1] Overview of the proposed architecture

[Fig. 1] illustrates the overall architecture of the proposed model. This architecture consists of a 

context-preserving preprocessing stage that extracts key entities and keywords to prevent context loss, a 

bidirectional cross-attention stage that performs alignment between two heterogeneous modalities, and a 

gated fusion stage that suppresses noise. The extracted named entities and keywords are combined with 

the original text and then encoded. During the gating operation, modality-specific bias initialization 

improves the initial training stability of the model and increases the reliability of the textual context by 

initializing the text and image biases [19].

Algorithm 1: Entity-aware Bidirectional Gated Fusion

Require: Raw text , Image I; Encoders , Classifiers 

Ensure: Prediction  , Total Loss L

1: Preprocessing:  ← Extract (Entities, Keywords) from 

2: Encoding:  ,  ← (), (I)

3: Alignment: 

    for each modality m ∈ {txt, img} do

        ← Bi-Cross-Attention with residual connection

    end for

4: Gating: Compute  with  = 1.0,  = -1.0

5: Fusion:  ← (⊙)

6: Optimization: Classify  & Calculate multi-head loss L

7: return  , L
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As summarized in Algorithm 1, the proposed entity-aware bidirectional gated fusion architecture 

outlines the overall processing pipeline from preprocessing to final optimization. The detailed 

mathematical formulations for each stage are described in the following subsections.

3.1 Context-Preserved Feature Extraction and Embedding

The context-preserving preprocessing stage extracts the core context of the text from the input data, 

including headlines, captions, summaries, and article bodies. NER and keyword tokens are concatenated 

with the original text to reinforce salient information, effectively mitigating the contextual sparsity and 

limited semantic representation inherent in short text fields [20][21]. The salient information, combined 

with the original text at a token level, induces the model's attention mechanism to assign high weights 

to key entities and keywords, thereby compensating for the limited semantic representational power of 

short texts.

Following the preprocessing stage that reinforces the salient information of the text by combining 

NER and keywords, the image and text modalities are transformed into token-level representations of the 

same dimension through encoders. The text encoder utilizes DeBERTa-v3-base [22][23], which learns 

complex word dependencies through a disentangled attention mechanism that computes word content and 

relative position information separately.

The image encoder uses EVA02, which is pre-trained by randomly masking portions of an image and 

then reconstructing the masked regions by inferring them based on visual context [24]. The text and 

image encoders used in this study produce feature vectors with the same dimensionality, allowing the 

two heterogeneous modalities to be directly integrated without conversion loss or the overhead of 

additional parameter computation. The text tokens  and image tokens  generated as in Equation 

[1] and Equation [2] have sequence lengths of  and  respectively, and are used as inputs for 

bidirectional interaction.

  ∈ℝ
� × ×  Equation [1]

   ∈ℝ
� ×  × 

Equation [2]

3.2 Bidirectional Cross-Attention Mechanisms

The feature vectors  and  extracted from the individual encoders are fed into the 
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bidirectional cross-attention module, allowing text and image to simultaneously cross-reference each 

other's features to learn inter-modal interactions.

As shown in Equation [3] and Equation [4], in text-to-image attention, the text is used as the query 

and the image as the key and value to extract visual features from the perspective of the text. The 

NER and keyword tokens injected into the query serve as a reference when performing the dot-product 

operation with the key patches of the image. Consequently, similarity scores for background patches with 

low visual relevance are suppressed, while high attention weights are assigned to key object patches that 

visually align with the text entities. This yields the noise-refined text tokens .

As shown in Equation [5] and Equation [6], in image-to-text attention, the image is used as the 

query, and the text as the key and value to extract text features  from the perspective of the 

image.  are learnable weight matrices, and  is a scaling factor that normalizes the 

magnitude of the dot product to ensure a stable softmax distribution.

  
    

    
 Equation [3]

  √




 Equation [4]

  
    

    
 Equation [5]

  √




 Equation [6]

3.3 Gated Fusion with Modality-Specific Bias

The two feature vectors ,  synchronized through bidirectional cross-attention are fed into the 

gated fusion module to control noise amplification caused by the zero-sum nature of the softmax 

operation. The gating mechanism proposed in this study independently verifies the validity of each 

modality to assign weights [19][25]. In news data, named entities within the text exhibit a strong 

correlation with the classification labels. However, there are exceptions where textual information is 

ambiguous or visual cues play a pivotal role. This study applies a modality-specific bias initialization 

technique to prevent static bias toward a specific modality. Although it initially reflects the statistical 

trends of the data, the model updates its weights and biases through backpropagation during the training 
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process to adjust the activation level of each gate. As shown in Equation [7] and Equation [8], the bias 

 of the text gate  is initialized to +1.0, and the bias  of the image gate  is initialized to –

1.0.

   


  Equation [7]

   


  Equation [8]

This asymmetric bias initialization maximizes the contribution of highly reliable textual information in 

the early stages of training, while minimizing the incorporation of noise from irrelevant image patches. 

Finally, as shown in Equation [9], the calculated independent gate values are multiplied element-wise ⊙

with their respective feature vectors to generate the fusion vector . The generated  is then 

passed to the classifier layer to determine the final news category [26].

  ⊙
 ⊙

 Equation [9]

3.4 Objective Function and Optimization

This study applies an auxiliary loss function that prevents the modality collapse phenomenon and 

forces each encoder to independently extract visual and textual contexts. In addition to the final fusion 

vector  obtained through gated fusion, the individual feature vectors  and  derived from 

cross-attention pass through a multi-layer perceptron classifier to calculate prediction losses [9].

The total loss, , is defined as a weighted sum based primarily on the fusion loss , 

incorporating independent classification losses  and  for text and image with a weight factor , 

as shown in Equation [10]. In this study, the loss weights  and  for each modality are set to 

0.3 based on the validation dataset to perform normalization.

     Equation [10]

4. Experimental Results

This section evaluates the news category classification performance of the proposed entity-aware 

bidirectional attention-based gated fusion in a multimodal news data environment. The experiments verify 

whether the proposed model maintains robust classification performance in environments where semantic 
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discrepancies between text and image modalities or visual noise exist. This study compares the 

performance of the proposed architecture against the baselines presented in the original N24News dataset 

paper to verify its effectiveness.

4.1 Experiment Setup and Dataset

This study utilizes the N24News dataset, a multimodal news dataset, to verify the generalized news 

classification performance of the proposed model. The N24News dataset comprises headlines, captions, 

abstracts, and body texts from New York Times news articles along with their associated images, and is 

categorized into 24 classes. The experimental framework consists of nine distinct configurations 

categorized into text-only, image-only, and multimodal settings. Unimodal experiments are conducted to 

compare the performance differences between backbone models when processing each modality 

independently. This experiment utilizes a total of 61,235 data samples, which are partitioned into 

training, validation, and test sets of 48,988, 6,123, and 6,124 samples, respectively, according to an 8:1:1 

ratio.

We utilize DeBERTa-v3 and EVA02 as the text and image backbones, respectively. All experiments 

are conducted on a system equipped with an Intel Xeon® w5-2455X processor and an NVIDIA GeForce 

RTX 4090 24 GB GPU. The implementation was developed using Python 3.10 and the PyTorch 

framework. The learning rate for model training is set to 2e-5, and all experiments are conducted for a 

maximum of 15 epochs. Early stopping is applied if the validation loss fails to improve for five 

consecutive epochs. The final performance is evaluated during the testing phase using the model weights 

that achieved the highest validation accuracy. Accuracy, defined in Equation [11], and the F1-score, 

defined in Equation [12], are used as evaluation metrics to objectively assess model performance in the 

multi-class classification task. 

 


Equation [11]

 × 
× 

Equation [12]

4.2 Comparison of Proposed Method with Baselines

This study compares the performance of the proposed architecture against the baselines presented in 

the original N24News paper to verify its effectiveness. The existing baselines utilize CNN-based ResNet 
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and RoBERTa with absolute positional encoding as feature extractors [27][28]. ResNet is limited in its 

ability to capture the global visual context of an entire image because it sequentially processes only 

limited, narrow regions using small filters. RoBERTa faces limitations in capturing intricate semantic 

relationships between words in long documents, such as news articles, because it only learns fixed 

positional information for each word.

This study replaces the feature extractors with DeBERTa-v3 and EVA02 to overcome the limitations 

of ResNet and RoBERTa. DeBERTa-v3 precisely identifies the relationships between key entities in 

news articles by separately calculating word content and relative positions. EVA02 applies self-attention 

to calculate the relationships between multiple image patches simultaneously, extracting the global visual 

context that the baseline ResNet has difficulty capturing.

  [Table 1] Performance comparison between the Baseline and the Proposed model. The values in parentheses (+) 

indicate the performance improvement over the baseline model

Feature extractor Baseline Proposed model

Modality Input data F1-score Accuracy F1-score Accuracy

Image Image_only 0.5280 0.5434 0.5929 (+0.0649) 0.5944 (+0.0510)

Text

Text_Headline 0.7031 0.7198 0.8604 (+0.1573) 0.8602 (+0.1404)

Text_Caption 0.7156 0.7387 0.8608 (+0.1452) 0.8610 (+0.1223)

Text_Abstract 0.7819 0.7965 0.8718 (+0.0899) 0.8715 (+0.0750)

Text_Body 0.8765 0.8886 0.9020 (+0.0255) 0.9017 (+0.0131)

Multimodal

Image+Headline 0.7842 0.7941 0.8798 (+0.0955) 0.8803 (+0.0862)

Image+Caption 0.7633 0.7745 0.8753 (+0.1120) 0.8748 (+0.1003)

Image+Abstract 0.8252 0.8333 0.8956 (+0.0704) 0.8955 (+0.0622)

Image+Body 0.9044 0.9108 0.9152 (+0.0108) 0.9154 (+0.0046)

[Fig. 2] Comparison of news classification performance according to different input modalities
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The proposed model demonstrated consistent performance improvements over the baseline across all 

experimental settings. As shown in [Table 1] and [Fig. 2], the proposed model outperformed the 

baseline across all nine input conditions, including both unimodal and multimodal settings. Specifically, 

for the headline input, the model achieved a significant performance increase of 14.04% in accuracy and 

15.73% in F1-score.

5. Conclusion

Online news data is presented in a multimodal format that integrates diverse media, such as images, 

alongside textual content. However, visual noise irrelevant to the article context or ambiguous text can 

hinder accurate category classification. Concatenation-based fusion methods suffer from limitations, 

including information degradation during modality integration and the incorporation of visual noise from 

heterogeneous data into the learning process. This paper proposes an entity-aware bidirectional 

attention-based gated fusion architecture to overcome the limitations of multimodal fusion. The proposed 

model performs bidirectional cross-attention based on named entities and keywords extracted during the 

preprocessing stage to refine visual features and suppress noise. The gated fusion stage resolves the 

optimization imbalance between modalities and ensures training stability by applying bias initialization 

and auxiliary loss functions. Experimental results using the N24News dataset demonstrate that the 

proposed model achieved performance gains of 14.04% in accuracy and 15.73% in F1-score over the 

existing baseline, confirming that it achieves stable news classification performance in environments 

characterized by semantic inconsistency and noise. The proposed architecture is expected to be applicable 

in various intelligent media applications, such as fake news detection and personalized news 

recommendation services.
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