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ABSTRACT: With the rapid growth of the Internet and social media, information is widely disseminated in multi-
modal forms, such as text and images, where discriminatory content can manifest in various ways. Discrimination
detection techniques for multilingual and multimodal data can identify potential discriminatory behavior and help
foster a more equitable and inclusive cyberspace. However, existing methods often struggle in complex contexts and
multilingual environments. To address these challenges, this paper proposes an innovative detection method, using
image and multilingual text encoders to separately extract features from different modalities. It continuously updates
a historical feature memory bank, aggregates the Top-K most similar samples, and utilizes a Gated Recurrent Unit
(GRU) to integrate current and historical features, generating enhanced feature representations with stronger semantic
expressiveness to improve the model’s ability to capture discriminatory signals. Experimental results demonstrate that
the proposed method exhibits superior discriminative power and detection accuracy in multilingual and multimodal
contexts, offering a reliable and effective solution for identifying discriminatory content.
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1 Introduction

Discriminatory content refers to negative attacks or expressions of prejudice targeting an individual or
group based on identity characteristics such as race, gender, religion, and language. With the rise of social
media and the global internet, discriminatory content has evolved beyond textual forms, exhibiting complex
multimodal and multilingual features, including the integration of images and text. This presents a significant
challenge to the harmony and social equality of online communities.

Traditional detection methods primarily rely on keyword matching and user metadata analysis [1].
The former is susceptible to vocabulary variations and requires frequent updates, while the latter may
introduce biases. In addition, rule-based detection methods capture potential discriminatory expressions
by establishing syntactic or semantic rules [2]. However, this approach still has limitations in identifying
implicit discrimination. Sentiment analysis, as a traditional method, evaluates the presence of negative
or hostile emotions in text by analyzing emotional tendencies but struggles with sarcasm or indirect
discriminatory content [3]. Meanwhile, some studies have explored emotion recognition in images; for
example, Bhavana et al. [4] proposed a convolutional neural network (CNN)-based method that leverages
CNNs’ hierarchical feature learning to extract emotional features from raw images, demonstrating CNNs’
strong ability to understand image content. Social network analysis identifies the spread of discriminatory
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content by monitoring user interactions and information propagation patterns, which is especially effective
in capturing group-based discriminatory behavior. Behavioral analysis methods enhance detection accuracy
by predicting potential discriminatory actions through the tracking of user interactions and historical
behavior [5]. As technology progresses, machine learning-based approaches, such as Naive Bayes [6] and
Support Vector Machines (SVM) [7], have shown promise in detecting discriminatory content.

Recently, the use of deep learning techniques has further propelled advancements in the field. For
instance, Rodriguez-Sanchez [8] applied Bidirectional Long Short-Term Memory (Bi-LSTM) and Multi-
lingual BERT (mBERT) models to enhance classification performance on multilingual datasets. Despite
these advancements, existing methods remain limited, primarily addressing text-image interactions within
single-language environments and neglecting combined multimodal and multilingual scenarios. As shown
in Fig. 1, the same image content exhibits significant differences in detection results in five different
countries. This variation indicates that identical multimodal content can be perceived as offensive and
discriminatory in certain cultural contexts while being deemed acceptable in others. Such cross-cultural dif-
ferences underscore the complexities and challenges inherent in detecting discriminatory content. Therefore,
automated detection of complex multimodal and multilingual discriminatory content has become the focus
of current research.
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Figure 1: Detection results for five image contents vary significantly across five countries: the United States, Germany,
Mexico, India, and China

To address these challenges, this paper proposes a multimodal, multilingual method for discriminatory
content detection, aimed at capturing cross-modal relationships between images and text while accounting
for language-specific discrimination characteristics in multilingual contexts. The key contributions are as
follows:

o Integration of Cross-lingual Language RoBERTa (XLM-R) [9] and Vision Transformer (ViT) Mod-
els [10]: The XLM-R model is used for multilingual text feature extraction, while the ViT model extracts
image features. These features are then precisely aligned and fused using a cross-attention mechanism,
effectively capturing the deep semantic relationships between image and text.

e Dynamic Memory-based Discriminatory Signal Detection: This method dynamically updates a his-
torical feature memory bank, aggregates the top-K similar samples, and generates a fused historical
feature representation. A Gated Recurrent Unit (GRU) [11] module integrates both historical and current
features, generating enhanced features with stronger semantic expressiveness.

o Comprehensive Validation: Experiments conducted on multimodal multilingual datasets demonstrate
that the proposed method surpasses existing models in precision, recall, and F1 score, highlighting its
effectiveness in discriminatory content detection tasks.
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The rest of this paper is organized into six sections. Section 2 briefly reviews related work, including
multimodal discrimination detection and multilingual discrimination detection. Section 3 introduces the
VRCL model, including the Multilingual and Multimodal Feature Extraction Module, the Multimodal
Feature Alignment and Fusion Module, the Label-Guided Contrastive Learning Module, and the Dynamic
Memory-based Discrimination Detection Module. Section 4 presents the experimental datasets and baseline
models. Section 5 analyzes the experimental results. Section 6 provides visualization of the experimental
results. Finally, Section 7 concludes the paper.

2 Related Work
2.1 Multimodal Discrimination Detection

Multimodal discrimination detection integrates image and text information to comprehensively identify
discriminatory content. It addresses the limitations of single-modality approaches, which often fail to capture
the complexity of discriminatory information. For instance, Kiela [12] proposed an early fusion method
combining image and text modalities to detect discriminatory internet memes. Ma [13] utilized a self-
supervised label generation module alongside Bidirectional Encoder Representations from Transformers
(BERT) and Residual Network (ResNet) models to enhance feature learning without requiring additional
annotations. Similarly, Chen and Pan [I4] implemented the OSCAR+ model with Optical Character
Recognition (OCR) technology to improve detection performance.

Nie et al. [15] proposed MAGIC, a multimodal dialogue system that interprets user intent within
multimodal contexts and dynamically determines the response type and modality. This context-aware and
modality-adaptive approach provides useful inspiration for improving multimodal discrimination detection
in complex semantic environments.

Furthermore, models such as HateCLIPper [16] and InterCLIP-MEP [17] explored various modality
interactions in Contrastive Language-Image Pre-training (CLIP)’s visual and linguistic representations to
address the challenges of hate meme detection. Recent advances in multimodal pre-trained models, including
Vision-and-Language BERT (ViLBERT) [18], VisualBERT [19] and Universal Image-Text Representation
(UNITER) [20], have employed Transformer architectures to enhance cross-modal interactions, signifi-
cantly boosting task performance. Nevertheless, challenges persist, such as modality heterogeneity, noise
in training data, and the diverse manifestations of discriminatory content. Moreover, the lack of fine-
grained annotations in existing datasets hinders models’ ability to process metaphorical and contextually
complex discrimination.

2.2 Multilingual Discrimination Detection

Multilingual discrimination detection focuses on identifying discriminatory content across diverse
languages and cultural contexts. Multilingual pre-trained models, such as mBERT, XLM-R, and multilingual
Text-to-Text Transfer Transformer (mT5) [21], offer an effective solution for cross-lingual detection by lever-
aging large-scale corpora to capture both commonalities and differences between languages. However, these
models still exhibit limited generalization capabilities, particularly in low-resource languages and implicit
discrimination detection, due to variations in linguistic expression and cultural context. Montariol [22]
enhanced the models’ ability to transfer across languages by introducing auxiliary tasks like sentiment
analysis and named entity recognition. However, semantic differences remain a significant challenge.
Rottger [23] introduced the MULTILINGUAL HATCHECK framework, which covers 10 languages and
highlights the complexity of cross-cultural applications through 36,582 comparison cases, offering a more
comprehensive perspective on multilingual discrimination detection.
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3 Methodology
This section provides a comprehensive overview of the proposed discrimination detection method. The
structural framework of the proposed method is illustrated in Fig. 2.
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Figure 2: Structural diagram for multilingual and multimodal discrimination detection

3.1 Multilingual and Multimodal Feature Extraction Module

To enhance the cross-lingual generalization of CLIP, we replace its original text encoder with
XLM-R, a multilingual pre-trained model supporting over 100 languages. Built on RoBERTa, XLM-R
effectively captures multilingual semantics and performs well in low-resource settings, making it suitable for
this task. Given a batch of image-text pairs {(I;, T;) }',, where I; and T; denote the image and text features
of sample i, each text T; is encoded by XLM-R into a multilingual high-dimensional representation ¢;, as

defined in Eq. (1).
t; = XLM-R(T;) = FEN(SelfAttention(E(T;))) W

where E(T;) denotes the word embedding matrix of the input text. SelfAttention (-) is the multi-head self-
attention mechanism for modeling contextual dependencies, and FEN (-) is the feedforward neural network.
The output t; € R% is the high-dimensional text feature.

For visual encoding, we adopt the original Vision Transformer (ViT) backbone from CLIP. ViT splits
images into fixed-size patches and applies Transformer layers to capture global semantics, outperforming
CNN-based models such as ResNet and ConvNeXT in vision and multimodal tasks. The resulting global

image feature is denoted as v;, as shown in Eq. (2).
vi = ViT(I;) = FFN (SelfAttention(PatchEmbedding(I;))) (2)

The above process separately extracts image and multilingual text features, laying the foundation for the
subsequent feature alignment and fusion of text and image modalities.
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3.2 Multimodal Feature Alignment and Fusion Module

In order to solve the difference in dimension between image and text features, a linear transformation
operation is used to map the two modal features into a unified feature space, as shown in Fig. 3. The specific
form of the transformation is given in Eq. (3).

V/ = WVVi + bv; T/ = thi + bt (3)

where W, € R¥*% and W, € R9*% are learnable linear transformation matrices, and b, and b, are bias terms.
V' e R? and T’ € R? represent the image and text features after dimensional alignment.
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Figure 3: The process of aligning and fusing image and text features. The image and text features are mapped by
projection linear transformation, and unified into the same feature space to obtain V' and 1. The cross-attention
mechanism calculates the attention weights of the image guiding the text (A,) and the text guiding the image (A,),
generating the fused features F, and F;. A weighted sum further integrates these image and text features, resulting in
the final multimodal representation F

After completing the feature dimension alignment according to Fq. (4), a cross-attention mechanism is
utilized to achieve effective interaction between image and text features. Specifically, image feature V' is used
as Query and text feature T" is used as Key and Value. By calculating the attention weight A, of an image
feature to a text feature, the text feature can be made to focus on the part related to the semantics of the image;
similarly, the attention weight A, of a text feature to an image feature can guide the image feature to focus
on the part related to the semantics of the text. The specific calculation process is as follows: Computation of
Attention Weights for Text Guided by Images:

A, = softmax (%) (4)

The attention weights for images guided by text are computed as shown in Eq. (5):
T/ INT
A, = softmax (ﬂ) (5)
Vd

Calculation of fused image and text features is given in Eq. (6):

F,=A,T;F =A,V' (6)
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In order to further refine the fused representation, a weighted summation integrates the image and
text features into the final multimodal representation F. Learnable weighting coeflicients « and 8 (a + 8 = 1)
dynamically adjust the contributions of each modality during the fusion process, ensuring a balanced
representation of image and text information. The final fusion formula is given in Eq. (7):

F = aF, + BF, )

This feature alignment and fusion strategy effectively mitigates the challenges posed by dimensional
differences and insufficient cross-modal interactions in multilingual multimodal discrimination detec-
tion tasks.

3.3 Label-Guided Contrastive Learning Module

Given a batch of image-text pairs { (I;, T;) } ', where I; represents the image features of the sample i and
T; represents the text features of the sample i. The label of each sample indicates whether it is discriminatory
(i.e., discriminatory or non-discriminatory). Unlike traditional contrastive learning methods, in this study,
the input features are no longer the original image and text features, but the fusion representation obtained
by fusing the image and text features, and the label information is used as the classification basis to guide the
contrast learning.

3.3.1 Definition of Positive and Negative Sample Pairs

Positive and negative sample pairs in contrastive learning are defined based on their labels:

+ Positive sample pairs: Two samples F; and F; are considered positive if they share the same label (i.e.,
both are discriminatory or both are non-discriminatory).

+ Negative sample pairs: Two samples F; and F; are considered negative if their labels differ (i.e., one is
discriminatory and the other is non-discriminatory).

3.3.2 Contrastive Learning Loss Function

In the contrastive learning framework, the model enhances the expression capability of multimodal
features by maximizing the similarity of positive sample pairs and minimizing the similarity of negative
sample pairs, significantly improving the model’s performance in distinguishing between discriminatory and
non-discriminatory samples. This method utilizes the following contrastive learning loss function, as defined
in Eq. (8):

) R (_1og( exp (sim(F, Fr) 1) )) ©

| PG peP(i) 25:1 exp (sim(Fi, F)/7)

where F; denotes the fused feature representation of sample i. Fp represents the set of samples that share
the same label as F;, i.e., the positive samples. The function sim(-, -) computes the cosine similarity between
two feature representations. The temperature parameter 7 is used to control the smoothness of the similarity
distribution. P(i) refers to the set of all positive samples corresponding to sample i.

3.4 Dynamic Memory-Based Discrimination Detection Module

The complex discrimination signal detection process based on the dynamic memory mechanism is
shownin Fig. 4. This module is based on the fused multimodal features obtained from the multimodal feature
alignment and fusion module. By constructing a memory bank that stores the feature representations of
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historical samples along with their label information, it enables similarity retrieval and similarity-weighted
aggregation between the current sample and historical samples. Specifically, the memory bank M storing
historical samples is continuously updated. Cosine similarity measures the similarity between the current
sample 7 and historical samples l:l} within M. The Top-K most relevant samples are retrieved and aggregated

using similarity-weighted values to generate enhanced feature representations - The concatenated current
and enhanced features are then fed into the gated recurrent unit (GRU) module, which dynamically
integrates historical and current features through update and reset gates, producing the final representation.
These integrated features are subsequently classified by a Softmax classifier to predict category labels. Finally,
the prediction results and feature representations are used to update M, ensuring continuous learning
and adaptation.
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Figure 4: Illustration of the discrimination signal detection process using a dynamic memory mechanism

3.4.1 Establishment of Dynamic Memory Bank

During the model training process, a Memory Bank M is constructed to store key information, including
feature representations of historical samples, true labels, and predicted entropy values, as defined in Eq. (9):

M ={{h},y' , H())|i=12,...,N} )

where il} denotes the feature representation of historical sample i, y is the true label of sample i, and H(})
represents the predicted entropy value corresponding to the model’s uncertainty for that sample.
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The predicted entropy value indicates the degree of confusion in the model’s output probability
distribution for each category, is calculated as shown in Eq. (10):

c
H(j) =~} P;log(P:) (10)
i=1
where C denotes the number of categories, and P; represents the probability assigned by the model to a
particular category.

Predicted entropy reflects the model's confidence in its output—higher entropy signifies greater
uncertainty, indicating the potential for ambiguous or unclear predictions. Therefore, when the memory
bank reaches its capacity, it is updated based on the predicted entropy values, with preference given to
retaining samples with lower entropy. This process ensures that the memory bank contains samples with
higher confidence and stability, offering more reliable references for subsequent feature enhancement and
semantic analysis.

3.4.2 Similarity Calculation and Retrieval

During the prediction phase, the current sample sy is compared with historical samples h} in the
memory bank to identify the most relevant samples for feature enhancement. Cosine similarity is employed
to measure the similarity between samples, as defined in Eq. (11):
heh’

ol

Similarity(hy, il}) =

Based on the similarity scores, the top-K most relevant historical samples are selected to form the
retrieval neighborhood, as defined in Eq. (12):

N(I:lf) = {(il},yi) |ie Top-K(Similarity(ilf,iz}))} (12)

3.4.3 Feature Aggregation

To ensure that more similar samples have higher contribution weights, weights are calculated based on
similarity, and feature fusion is performed by weighted average to obtain the fusion feature hy, as defined
in Eq. (13):

hy= Z wj - 13)
iEN(hf)

where the weight is computed based on the similarity between samples, as defined in Eq. (14):

exp(Similarity( s ’:l}) )

(14)

Wi

L keN(iy) exp (Similarity(h, izj’ﬁ))

where w; is a similarity-based weight that ensures that samples with higher similarity contribute more.
This feature aggregation method can fully utilize the information from historical samples to supplement the
semantic information that may be missing in the current samples, and is especially suitable for capturing
cross-sample features with strong semantic relevance.
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3.4.4 Dynamic Fusion Based on GRU

In discrimination detection tasks, discriminatory signals often exhibit complex semantic dependencies
across samples. For instance, certain discriminatory remarks require contextualization with historical
information to be accurately interpreted. Current and historical samples contain different levels of feature
information, and the dynamic fusion mechanism of GRUs helps the model minimize misclassification and
underclassification, especially when dealing with ambiguous samples such as sarcasm, puns, or cultural
bias. Moreover, as expressions of discriminatory language and behavior evolve over time and in different
social contexts, GRU enables the model to continuously learn the relationship between historical and current
samples, allowing it to adapt to new forms of discriminatory expression and significantly enhance the model’s
adaptability and generalization ability.

The concatenation of the two feature sets serves as the input to the GRU, as defined in Eq. (15):
heoncar = [I:lfxljlf] (15)

The GRU update process is defined as shown in Eqs. (16) to (19):

2t = 0(Woheoncar + Uzhiy + by) (16)
re = 0(Woheoncar + Urhy_1 + b,) (17)
hy = tanh( Wy heoncar + Un(r: ® hy_y) + by) (18)
he=Z,0hi+(1-2,)0h, (19)

where z; and r, represent the update gate and reset gate, respectively. The operator ® denotes element-wise
multiplication. The final fusion feature representation h; dynamically combines the current features and
historical features.

Classification Prediction: The dynamically fused feature A, is input into a classifier to generate the final
prediction result, as defined in Eq. (20):

= softmax(W,h,) (20)

where W, represents the weights of the classification head. The softmax function maps the model outputs to
a probability distribution, producing a vector containing the probabilities of each class. In this task, we use
a binary classification setting, where the softmax outputs two elements corresponding to the probabilities of
the“non-discrimination” and “discrimination” classes, respectively. The class with the higher probability is
taken as the model’s prediction.

Specifically, if
)A/ = [pnon-discriminationa pdiscrimination] (21)

As shown in Eq. (21), the closer pgiscrimination 1S to 1, the more likely the model considers the sample to
contain discriminatory content; conversely, if it is close to 0, the sample is more likely non-discriminatory.

During the training phase, the model is optimized using both cross-entropy loss and contrastive loss.
The cross-entropy loss minimizes the discrepancy between the predicted and true labels, thereby improving
classification accuracy. The model’s classification loss function is defined in Eq. (22):

N
L, = ‘% - Lyilog(§i) + (1- yi) log(1- j;)] 22

i=

—_
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Contrastive loss optimizes the feature space differentiation by reducing the distance between positive
sample features and increasing the distance between negative sample features, thereby enhancing the
clustering effect within the feature space. Let the positive sample be denoted as h} and the negative sample
as h;. The contrastive loss function as defined in Eq. (23):

exp(Similarity(f, )

Lo = —10g (23)

exp(Similarity(/ £ hy )) + exp(Similarity (& £ hy )

The loss function updates the parameters of the GRU module and the classifier through backpropaga-
tion, guiding the model to learn a more discriminative dynamic representation. The total loss for this method
is as follows, as shown in Eq. (24):

Leontrastive = Lee + Legs (24)

3.4.5 Memory Bank Update

The features and predicted labels of the current samples are saved into the memory bank, as shown
in Eq. (25):

M=Mu{(hsy,H(}))} (25)

4 Experiments

This section presents a comparative analysis of the performance of the baseline models and the proposed
method. Experiments are conducted on two multilingual multimodal datasets, as shown in Table 1. A
variety of models are selected as baseline comparisons, including unimodal vision models, text models, and
multimodal pre-trained models.

Table 1: Dataset splitting methods and sample distribution of Multi*Hate and BHM

Dataset Class Total Train Valid Test
BHM Hate 2624 2117 241 266
Not-Hate 4485 3641 399 445

US 153 122 31
DE 177 142 35
Hate 864 MX 165 132 33 /
IN 180 144 36
CN 189 151 38

US 147 118 29

DE 123 98 25
Not-Hate 636 MX 135 108 27 /

IN 120 96 24

CN 11 89 22

Multi’Hate

Note: For Multi’Hate, the numbers shown represent the sample counts in
the training and validation sets for each fold.
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4.1 Datasets

+  Multi*Hate dataset [24]: A multimodal, multilingual, and multicultural dataset designed for hate speech
detection. It contains 300 parallel meme samples across five languages—English, German, Spanish,
Hindi, and Chinese—resulting in a total of 1500 examples. Each sample is annotated by at least five native
speakers from diverse cultural backgrounds and classified as either hate speech or non-hate speech.
To partition the dataset, a 5-fold cross-validation approach is used to maximize the utility of limited
samples. Specifically, the 300 samples in each language are randomly divided into five subsets, with four
subsets serving as the training set and one as the validation set in each iteration. This process is repeated
over five rounds of training and evaluation. The final model performance is evaluated by averaging the
results from all validation rounds, thereby reducing bias introduced by dataset partitioning.

« BHM Dataset [25]: The BHM dataset is a multimodal collection designed for Bengali hate meme
detection, consisting of 7109 samples gathered from public platforms such as Facebook, Instagram,
Pinterest, and blogs. The dataset is divided into training, validation, and test sets in an 80%, 10%, and
10% split, respectively, to facilitate model training and evaluation. It contains content in Bengali and
code-mixed text combining Bengali and English.

4.2 Baselines
4.2.1 Unimodal Models

«  For the text-only models, we employed classic models, including TextCNN [26], sequence-dependent
models such as Bi-LSTM [27] and mBERT [28].

o For the visual-only models, we selected ResNet [29], ViT and ConvNeXT [30] for comparison.
These models represent image feature extraction techniques based on convolutional and Transformer
architectures, respectively.

4.2.2 Multimodal Models

o  CLIP: CLIP is a multimodal model trained using a contrastive learning approach to process large-scale
image-text paired data effectively. It has been extensively utilized in multimodal classification tasks.

o ALBEF: ALBEF (Align Before Fuse) [31] is another multimodal model, using momentum distillation
and contrastive learning method for the pre-training on noisy image-text data.

« G?SAM: G*SAM [32] is a multimodal model that leverages a gated fusion mechanism and contrastive
learning to jointly align and integrate visual and textual representations, enabling effective gender bias
detection in multimodal content.

5 Results

Table 2 displays the experimental results for multimodal and multilingual discrimination detection
tasks. Performance was evaluated on the BHM dataset and the Multi’Hate dataset across five languages:
English (US), German (DE), Spanish (MX), Hindi (IN), and Chinese (CN). The experiments compared the
performance of various models in visual, textual, and multimodal tasks, using Precision (P), Recall (R), and
F1 score (F1) as the primary evaluation metrics.

5.1 Analysis of Visual Model Performance

In the visual model, ConvNeXT outperforms both ViT and ResNet across all languages. On the
BHM dataset, ConvNeXT achieves an F1 score of 0.695, surpassing ViT’s 0.674 and ResNet’s 0.576. VRCL
(our) further exceeds ConvNeXT, improving the Fl score to 0.714. Additionally, in the Multi’Hate dataset
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across five languages, the VRCL demonstrates an average F1 score improvement of 0.0618 over ConvNeXT,
underscoring its superior performance and multilingual adaptability in visual modeling. A deeper analysis
of these baseline models reveals several critical limitations. For instance, while ViT achieves a moderate
average F1 score (0.674), its performance drops significantly on Chinese (F1 = 0.541), indicating challenges
in handling linguistic diversity. ResNet performs even worse, with an average F1 score of 0.564, suggesting
limited capacity to extract discriminative features from visual data. Although ConvNeXT demonstrates
relatively better generalization (average F1 = 0.616), it still encounters difficulties with certain languages, such
as Chinese (F1=0.608). These observations further highlight the effectiveness and robustness of the proposed
VRCL model in managing multilingual visual inputs.

Table 2: Main results

Approach Models BHM Multi’Hate

P R F1 Us DE MX IN CN

P R F1 P R F1 P R F1 P R F1 P R F1

ViT 0.671 0.677 0.674 0.601 0.613 0.607 0.582 0.568 0.575 0.596 0.576 0.586 0.591 0.569 0.579 0.534 0.548 0.541
Visual only ResNet 0.612 0.544 0.576 0.577 0.591 0.584 0.563 0.544 0.553 0.558 0.57 0.564 0.551 0.533 0.542 0.528 0.537 0.532
ConvNeXT 0.692 0.699 0.695 0.686 0.679 0.682 0.597 0.621 0.609 0.627 0.611 0.619 0.604 0.628 0.616 0.618 0.598 0.608

TextCNN  0.601 0.621 0.611 0.638 0.617 0.627 0.576 0.589 0.582 0.568 0.581 0.574 0.573 0.589 0.581 0.578 0.598 0.588
Text only Bi-LSTM  0.622 0.611 0.643 0.631 0.617 0.604 0.581 0.578 0.587 0.566 0.589 0.577 0.561 0.589 0.581 0.578 0.598 0.588
mBERT 0.648 0.668 0.658 0.675 0.668 0.671 0.669 0.676 0.673 0.669 0.676 0.673 0.67 0.677 0.674 0.669 0.676 0.672

clip 0.596 0.607 0.601 0.652 0.638 0.645 0.631 0.617 0.624 0.622 0.632 0.627 0.636 0.647 0.642 0.612 0.636 0.624
ALBEF 0.671 0.682 0.676 0.694 0.688 0.691 0.677 0.654 0.665 0.641 0.673 0.657 0.648 0.669 0.658 0.663 0.641 0.652
G’SAM 0.679 0.681 0.667 0.688 0.681 0.676 0.673 0.687 0.655 0.649 0.663 0.673 0.652 0.682 0.651 0.665 0.647 0.662

VRCL (Our) 0.726 0.702 0.714 0.721 0.713 0.72 0.722 0.717 0.719 0.684 0.671 0.677 0.661 0.645 0.659 0.689 0.667 0.678

Multimodal

5.2 Analysis of Text Model Performance

In evaluating text model performance, the multilingual pre-trained model mBERT consistently out-
performs traditional models such as TextCNN and Bi-LSTM. For example, on the BHM dataset, mBERT
achieves an Flscore of 0.658, compared to 0.611 and 0.643 for TextCNN and Bi-LSTM, respectively. Moreover,
mBERT demonstrates strong performance across all languages in the Multi’Hate dataset, particularly in
Hindi (IN), where it achieves an F1 score of 0.674. A closer examination of the text-only baseline models
further underscores the value of multimodal integration. TextCNN achieves a relatively low average F1
score of 0.588, suggesting that relying solely on textual inputs may overlook important visual cues essential
for accurate discrimination detection. Although Bi-LSTM performs slightly better than TextCNN, with
a comparable average F1 score of 0.588, it still faces challenges in modeling complex linguistic patterns-
particularly in multilingual contexts. These findings emphasize the limitations of traditional text models in
capturing nuanced and cross-lingual semantics. Notably, while mBERT alleviates some of these limitations
with its strong multilingual capabilities, our proposed VRCL model still surpasses mBERT’s performance in
all languages except Hindi, further demonstrating VRCLs broader adaptability and effectiveness in detecting
multilingual discriminatory content.

5.3 Analysis of Multimodal Model Performance

In the task of multimodal discrimination detection, VRCL demonstrates significant advantages across
multiple datasets and language settings, consistently outperforming mainstream models such as ALBEF,
CLIP, and G*SAM. Specifically, on the BHM dataset, VRCL achieves an Fl score of 0.714, notably higher than
ALBEF’s 0.676, indicating stronger capabilities in multimodal feature fusion and semantic representation.
On the Multi*Hate dataset, VRCL attains the highest F1 score of 0.721 on the English (US) subset, while also
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showing stable and robust performance across other language subsets: 0.719 on German (DE) and 0.678 on
Chinese (CN), both surpassing the best results of existing methods.

Although G*SAM, as one of the latest fusion models, achieves a competitive average Fl score of 0.662,
close to VRCL, it still falls short. This gap is mainly attributed to G'SAM’s current and historical feature fusion
mechanism, which has not been fully optimized and thus fails to effectively leverage historical semantic
context. Consequently, its performance in cross-modal semantic alignment and discrimination signal
recognition is limited. In fact, mainstream multimodal models such as ALBEF, CLIP, and G*SAM mostly
adopt a “single-step” feature fusion strategy, lacking the ability to remember and model semantic evolution
over time. This limitation makes it difficult for these models to accurately capture subtle cross-modal
semantic changes in the presence of semantic drift, implicit discrimination, or complex contextual variations.

In contrast, the superior performance of VRCL primarily benefits from its innovative incorporation of
a historical feature memory mechanism and a GRU-based sequential modeling architecture. By dynamically
retrieving and integrating the most semantically similar historical samples with the current features,
VRCL effectively captures the semantic evolution process, greatly enhancing feature expressiveness and
semantic continuity. As a result, VRCL is able to more accurately identify cross-modal semantic biases and
discriminatory signals, demonstrating stronger robustness and generalization capabilities.

5.4 Ablation Study

To assess the contribution of each module to the model’s performance, this study conducted ablation
experiments by systematically removing individual modules and tracking changes in the F1 score. Table 3
presents the experimental results.

o Experiment 1: Replacing the original CLIP model’s text extractor with XLM-R resulted in a decrease
in the F1 score to 0.685. This indicates that XLM-R is essential for cross-linguistic feature capture and
semantic understanding, and its absence significantly impacts performance in multilingual tasks.

» Experiment 2: Removing the multimodal alignment and fusion module resulted in a drop in the F1 score
to 0.659. The results demonstrate that this module strengthens alignment between textual and visual
features via a cross-attention mechanism, effectively modeling both local and global dependencies and
supporting cross-modal semantic interactions.

« Experiment 3: Removing the contrastive learning module reduced the F1 score to 0.692, reflecting a
relatively smaller decline. This indicates that the module optimizes feature distribution and enhances
model robustness by increasing intra-class similarity and inter-class differentiation, thereby improving
feature representation quality.

« Experiment 4: Removing the dynamic memory module caused the F1 score to drop to 0.633, marking
the largest decline. This underscores the dynamic memory bank’s importance for long-term feature
storage and contextual modeling, enabling it to capture historical features and dynamic information,
thus improving adaptability to complex tasks.

« Experiment 5: The complete model, incorporating all modules, achieved the best performance with an F1
score of 0.714. These results validate the synergistic contributions of each module to feature extraction,
cross-modal alignment, contrastive learning, and dynamic memory modeling, enhancing both model
robustness and adaptability.
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Table 3: Ablation experiment results analysis

Num. XLM-R feature Alignment Contrastive Dynamic F1
extraction and fusion learning memory-bank
1 v/ v 4 0.685
2 v v 4 0.659
3 v v v 0.692
4 v v v 0.633
5 v 4 v v 0.714

5.5 Computational Complexity and Model Analysis

The proposed VRCL model demonstrates strong performance in integrating multilingual textual and
visual features. However, its computational complexity warrants careful consideration. Both the text encoder
(XLM-R) and image encoder (ViT) are based on the Transformer architecture, resulting in a time complexity
of approximately O(n? - d) for textual inputs and O(p? - d) for visual inputs, where n denotes the input text
length, p is the number of image patches, and d is the hidden dimension. In addition, the introduction
of the semantic memory module improves contextual reasoning but also incurs additional storage and
retrieval overhead. While the overall resource consumption is higher than that of traditional unimodal
models, the VRCL model remains feasible for training and inference on modern GPU infrastructures.
The advantages of VRCL lie in its robust multilingual adaptability, enhanced cross-modal alignment, and
improved generalization through memory-based semantic enhancement. Nevertheless, the model still faces
challenges such as relatively high computational costs and limited performance on certain low-resource
languages, indicating room for further optimization in efficiency and cross-lingual generalization.

6 Visualization

To further demonstrate the effectiveness of our proposed VRCL module in multimodal multilingual
discrimination detection, we visualize the feature distribution around a discrimination instance. Specifically,
we retrieve the top 200 nearest neighbor instances as reference samples for a discrimination case, and employ
the t-SNE algorithm to reduce the feature dimensions to 2D space, as shown in Fig. 5. Fig. 5a illustrates
the distribution without applying VRCL, whereas Fig. 5b shows the feature distribution when VRCL is
used. As seen in Fig. 5b, the retrieved neighbors are more semantically consistent with the ground-truth
label (discrimination), while Fig. 5a contains more irrelevant or noisy (non-discrimination) instances. This
observation suggests that VRCL enhances the semantic alignment of retrieved k-nearest neighbors across
both modalities and languages, thereby boosting model performance in complex real-world scenarios.
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Figure 5: Distribution of the retrieved top 200 nearest neighbors instances for a sarcasm case

7 Conclusions

In this paper, we propose a discrimination detection method for multilingual multimodal information,
which integrates a ViT image encoder and an XLM-R text encoder. The multimodal feature alignment and
fusion module effectively captures fine-grained interactive information between images and text. Based on
this, VRCL combines contrastive learning with a historical feature memory bank to create a high-quality
discrimination feature embedding space. The GRU module is employed to merge historical and current
features, enhancing both the representation capability and detection accuracy of discriminatory signals.
Experimental results demonstrate that the proposed method achieves strong performance across multiple
multilingual multimodal datasets, highlighting its effectiveness and robustness across diverse cultural and
contextual environments. As our future work, we plan to focus on optimizing the model’s computational
efficiency and expanding its applicability across various domains to better address the growing complexity
of online discrimination.
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