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Abstract 

Online hateful messages, more commonly known as “hate speech”, have recently become a 

major social issue. Many studies have shown them to be detrimental for both the individuals 

and the society. Many online platforms have employed legions of moderators to manually 

identify and remove these messages, yet such practices are time-consuming, expensive, and 

often causing mental illness among the reviewers. As a solution, computational methods are 

applied to automatically identify and remove hateful messages. However, as online discussions 

are now often dominated by memes, a format that leverages both text and image to express 

users’ intents, many textual moderation methods have become obsolete. In order to effectively 

detect a hateful meme, the algorithm must possess strong vision and language fusion capa- 

bility. In this work, we move closer to this goal by compositely using a Visual-Language Pre-

Trained Model, an object detection model and a random forest classifier to achieve a 0.77 

AUROC score on the hateful meme detection task, an improvement of 0.15 compared to the 

best baseline method. 
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1 Introduction 

Hateful message, more commonly known as hate speech, has unfortunately almost become a ubiquitous 

phenomenon on social media. Hateful messages are often defined as content that expresses hatred against 

an individual or a group due to their protected characteristics. It is detrimental to both individuals and 

the society [1, 2, 3, 4, 5, 6]. Earlier studies found that racial hateful messages could lead to depreciation 

of minority’s abilities [1], alienation of minorities from larger community [2], degrade in mental health,  
and rise in the suicide rate among minorities [3]. More recently, it was suggested that hateful messages 

influence the frequency of offline hate crimes [4] and produce discriminatory practices when allocating 

public resources [5]. Prejudice against individuals was also shown by a 2018 study to increase when the 

subject was frequently exposed to hateful messages [6]. 

Though the U.S. government is legally prohibited by the first amendment from restricting hateful 

messages [7], as analyzed by the American Bar Association, privately-owned digital platforms [8, 9, 10] 

still have unparalleled agency in taking a more active stance against hateful messages. According to 

the Facebook community standard, hateful message is defined as follows: ”A direct or indirect attack 

on people based on characteristics, including ethnicity, race, nationality, immigration status,  religion, 

caste, sex, gender identity, sexual orientation, and disability or disease. We define attack as violent or 

dehumanizing (comparing people to non-human things, e.g. animals) speech, statements of inferiority, and 

calls for exclusion or segregation. Mocking hate crime is also considered hate speech.”1 Most major digital 

social media platforms, including Facebook, Twitter, and YouTube, have developed respective moderation 

policies against hateful messages. However, current manual moderation is considered insufficient, as human 

moderators are slow and expensive. Besides, content moderators are known to suffer PTSD-like syndromes 

after repetitively reviewing violent and exploitative content [11]. As a result, attempts to automate the 

identification-removal process have been carried out, reducing cost while increasing speed. Most companies 

choose to use block-word-list to directly filter out hateful messages; however, this method is ineffective, as 

hateful users can use normal expressions to circumvent detection; for example, the sentence ”OK Korea 

- you know your duty in the impending ’blackification’ of the globe? I know where I stand” expresses 

discrimination towards black people without using hateful vocabularies, hinting that black immigration 

is harmful. At the same time,  dictionary-based methods could cause false-positive errors,  especially 

when historically marginalized groups are trying to reclaim the derogatory words by frequently using 

them in their daily communication; for example, the sentence ”My nig** is on fire” can be used as a 

compliment in African American community. Moreover, these methods cannot be applied to any visual 

message, completely ignoring a substantial proportion of online speech, let alone those messages involving 

visual features and textual features at the same time. It is therefore necessary to develop a detection 

algorithm to capture the complexity beneath human expression. It is also very likely that the hateful 

users intentionally publish content in which neither text nor image alone can determine whether this piece 

of content is hateful. Therefore, a competent hateful message detection model must not only be able to 

process each single modality but also be capable of fusing the two modality together. Researchers try to 

address this challenge by introducing machine learning methods that can learn from moderation data. 
 

1https://www.facebook.com/communitystandards/hatespeech 

http://www.facebook.com/communitystandards/hatespeech
http://www.facebook.com/communitystandards/hatespeech
http://www.facebook.com/communitystandards/hatespeech
http://www.facebook.com/communitystandards/hatespeech
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1.1 Machine learning in automatic hateful message detection 

Traditionally, researchers mainly focused on detecting textual hateful messages. As early as 2009, there 

had been a study on detecting online harassment using a support vector machine (SVM), yet its detection 

accuracy was only 0.44 [12]. Over time, the detection accuracy has been improved by later studies. For 

example, one study had reached a modest F-score of 0.7 by first separating objective and subjective 

sentences in online sources, and then building the lexicon rule by extracting the word features that make 

the sentences subjective [13]. Another study had used pure sentiment analysis techniques to determine 

the category of each sentence, reaching an accuracy of 0.6 [14]. Nobata et al. studied the possibility 

of combining several features to detect hateful messages and reached a satisfactory f1-score of 0.78 [15]. 

Interestingly, another study [16]focused on the characters-side of hateful message detection and achieved 

a similar f1-scores of 0.79 by using SVMs with features including n-grams. Since 2009, different machine 

learning-based methods have been used to achieve automatic hateful message detection. Their detection 

accuracy was restricted due to their inability to understand the subtlety behind human language. Many 

hateful expressions that do not explicitly involve slurs are prone to be classified as hateful. 

 

1.2 Deep learning in automatic hateful message detection 

Another wave of studies took place since 2016, after the popularization of deep learning. Badjatiya et 

al. combined random embeddings, long short term memories (LSTM) and gradient boosted decision 

tree (GBDT) to achieve an f1-score of 0.93, 0.13 higher than their best-performing baseline model [17]. 

Later, using convolutional neural network (CNN) and gated recurrent unit (GRU), Zhang et al. were 

able to achieve an f1-score of 0.94 over the dataset provided by Davidson [18]. Some researchers even 

revealed the possibility of multilingual detection. Chun Ming Lee had achieved a final f-1 score of 0.95 

in the Jigsaw Multilingual Toxic Comment Classification [19], a task much similar to our topic, by fine- 

tuning an ensemble of pre-trained language models. Though their works had largely surpassed traditional 

machine learning methods, they focused on only one modality; so their work could not be applied to real 

world situation where multimodal hateful messages are rampant. 

In response, researchers have proposed multiple models that can simultaneously analyze the text 

and the image. In 2016, Zhong et al. studied multimodal detection of cyberbullying on Instagram. They 

found that by combining convolutional neural network, offensiveness score and bags-of-words, the detection 

algorithm can achieve a F-1 score of 0.58. Similarly, Gaumez et al. [20] proposed combining different 

models to jointly analyze textual and visual information for hate speech detection, achieving an accuracy of 

0.69. However, they also showed that by processing input text alone, the same accuracy could be reached, 

probably due to the fact that many text captions. Similar situations have occurred in other tasks as well. 

For example, the model can achieve seemingly impressive performance in visual reasoning without any 

understanding of the visual content, as language can inadvertently impose strong priors[21]. Similarly, in 

VQA (Visual Question Answering)[22], simple baselines without sophisticated multimodal understanding 

can perform remarkably well[23]; and in multimodal machine translation [24], images were found to matter 

relatively little[25]. The authors also theorized that some hateful messages employ a lot of background 

knowledge which makes the relations between visual and textual elements they use very complex and 

diverse, and therefore difficult to learn by a neural network. The advent of Large-scale Pre-trained Models 

(PTM) has shed hope into overcoming the aforementioned challenge. PTMs such as GPT (Generative Pre-

trained Transformers) and BERT[26] (Bidirectional Encoder Representation from Transformer) have 

recently achieved great success in many complex natural language processing (NLP) tasks and become a 

milestone in the wider machine learning community. Thanks to the immensity of training data (for BERT, 

the pre-training corpus contains 3,300 million words)[26]) and the huge number of model parameters (the 

base version of BERT contains 110 million parameters while the large version of BERT contains 340 million 

parameters), some of these PTMs have surpassed human performance on multiple language understanding 

benchmarks[27] [28][29], such as GLUE[30]. PTMs are now generally used as backbone for downstream 

tasks, because the rich knowledge stored implicitly in the huge amount of model parameters could be 

leveraged by fine-tuning them for specific tasks. Following the success on language tasks, the community 

has proposed various PTMs for visual-language tasks, including VilBERT[31] and VLBERT[32]. They 

directly combine learned vector representations of both the text and image to reach state-of-the-art results 

in several multimodal tasks[33] [22]. Visual-Language PTMs are pre-trained using text-oriented loss for 

individual language tasks, image-oriented loss for individual image tasks, and cross-modal losses for vision- 

language fusion tasks. The language loss includes the usual Masked Language Modeling. The image loss 

varies from feature regression tasks, to object class prediction tasks. Most models adopt the Image-Text- 

Matching task for cross-modal pre-training. Some models add other pre-training tasks to complete their 
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multimodal knowledge. These large models are shown to be able to capture more complex information and 

perform better on many visual-language tasks. It has also been shown that a better object detection model 

that is used to encode visual information leads to better downstream tasks results. To address the problem 

of strong consistency between image and text that leads to detector’s reliance on textual features in the 

previous hateful message dataset, and to test the true multimodal fusion capability of visual-language 

fusion models, Facebook Inc. has proposed a new benchmark on hateful meme detection. Specifically, 

many sentences or images that are harmless by themselves may become hateful when combined together. 

For example, in the left panel of Figure 1, the image of a skunk and the sentence that ”Love the 

way you smell today” are both neutral, but the combined version of them intends to insult the viewer.  The 

subtle references are easy for humans to understand yet difficult for machines to detect. On the other 

hand, by preserving one of the two modalities of an original meme and substitute the other part, the 

meaning of the new meme could be opposite to the original one. As shown in the right panel of Figure 1, 

the new meme now have the same caption inscribed as the left one, but the image part of the meme has 

been changed from a skunk to a rose, successfully reversing the implication of the meme from insulting to 

complimenting. For every hateful meme there is always a non-hateful alternative whose caption or image 

is changed from the original one. This kind of substitution is called ”benign confounders”, a technique 

similar to recent strategies of using counterfactual or contrastive examples[34][35][36].; they are presented 

to reduce the likelihood for a detector to rely on single modal information as demonstrated before. 

 

 

Figure 1: These memes convey the same caption yet impart opposite messages as the word ”smell” is 

being associated with different objects (skunk and rose). [37] 

 
 

 

Figure 2: Neither the roses and cemetery in the image nor the caption expresses hatred alone, yet when 

combined, this meme expresses racism.[37] 
 

In this work, we built two hateful meme detectors, a linear classifier and a random forest classifier, 

on the feature vectors produced by OSCAR+ (Object-SemantiCs Aligned Re-training)[38][39], a Visual- 

Language PTM whose object detection (OD) module VinVl (Visual features in Vision-Language) can 

encode a more diverse collection of visual objects and concepts than typical OD models, extracting much 

richer semantics, richer visual concepts and attribute information. Compared with baseline methods, our 

model showed significant improvement in detection capability. 

 

1.3 Methods 

1.3.1 Data 

Researchers at Facebook first reconstruct online memes by placing, without loss of meaning, meme text 

over a new underlying licensed image. They then hired annotators from a third-party annotation company 
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rather than a crowd-sourcing platform. The annotators were trained for 4 hours in recognizing hate speech. 

These annotators reconstructed the memes and rate their hatefulness on a scale of 1-3. Finally, for the 

memes that were labeled hateful, benign confounders were constructed. A dataset totaling exactly 10k 

memes were finally set up, categorized into hateful or non-hateful. A dev and test set constitute 5% and 

10% of the data respectively, and rest serves as training set. 

 

1.4 Detection pipeline 

Two different machine learning classification algorithms, linear classifier and random forest, were used to  

classify if a given meme is hateful or not. Figure 3 was used to outline the machine learning pipeline 

constructed in this study. For every meme in the dataset, in the pre-processing stage (Figure 4), it was 

passed through VinVl (Figure 5) and OCR (Optical Character Recognition) module to obtain an array of 

feature vectors for OSCAR+ to process, and this array of vectors were stacked into an input matrix. Then, 

on the training set, the first stage of training was carried out: OSCAR+ was connected to an external 

Fully-Connected Neural Network, or a binary linear classifier, predicting if an input matrix denotes a 

hateful or non-hateful meme; mini-batch gradient descent was carried out on the training set of 8500 

images with batch size set to 50 and a learning rate of 0.000002; the loss function is set to Binary Cross 

Entropy Loss with Logits L(x, y) = −(y ln σ(x) + (1 − y) ln (1 − σ(x)). After OSCAR+ was successfully 

fine-tuned, it was connected to a random forest classifier. The random forest was further optimized on 

OSCAR+ output vectors, consisting of ten decision trees whose maximum depth were set to 10. The 

trained random forest classifier serves as the final classifier for recognizing hateful memes. 

 

 
Figure 3: Full Pipeline. FC denotes Fully Connected Layers; and RF denotes Random Forest. 

 

 
1.4.1 Meme Preprocessing 

Because the meme itself could not be fed directly into the Visual-Language PTM, it must be preprocessed 

into a suitable data format. To achieve this, the meme is first input into VinVl object detector (Figure 

5)[40] which uses the ResNeXt 152-C4[41] Convolutional Neural Network as the backbone feature 

extractor. In VinVl, the input meme is transformed into a feature map by the backbone network. An 

Region Proposal Network (RPN) is used to outline rectangular regions on the feature maps that may 

contain predefined categories of objects. Those features of regions of interests (ROI) are pooled into ROI-

Pooling vectors of 2048 dimensions. Those vectors are then passed through different Fully-Connected 

(FC) Neural Networks (NN). The first FCNN is used to predict the position and the size of the bounding 

box for each ROI-Pooling vector. Each of these Bounding-Box-Regression vector is than concatenated 

with the corresponding ROI- Pooling vector to form a intermediate vector of dimension 2054. These 

intermediate vectors are further passed through FCNN to produce Image Feature Embedding vectors. At 

the same time,  each ROI- Pooling vector is also passed through another FCNN that predicts the category 

of the object in the region corresponding to this vector. Each category corresponds to an object tag. In 

general, the VinVl object detector will produce a sequence of object tag embeddings and a sequence of 

image feature embeddings. The first sequence denotes the detected objects in a meme, the names of 

these objects are transformed by the OSCAR+ tokenizer into vectors of size 768. Assume that there 

are n objects detected in the meme, the final number of vectors will be n as well. Each of the image 

feature vector in the second sequence corresponds to an object tag vector in the first sequence, as they 

are the features extracted by the Faster-RCNN of the regions corresponding to the objects. Similarly, 

these image feature embeddings are of dimension 768, and there are n image feature embeddings. 
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On the other hand, the OCR is used to read all the text captions that appear in the meme. Assume 

that there are m individual words output by the OCR module, each word is transformed by the OSCAR+ 

tokenizer into a vector of dimension 768, and the total number of text embeddings would be m× 768. The 

text embeddings, the object tag embeddings, and the image feature embeddings are then further arranged 

in sequence, inserting between which the embedding of special token [SEP] that denotes different sections 

of OSCAR+ input. An additional embedding of the special token [CLS] is then appended at the start of 

the whole sequence. 

 

Figure 4: Meme Preprocessing for OSCAR+ Input 
 
 
 

1.4.2 Visual-Language PTM 

Like many other PTMs, OSCAR+ was based on multi-layer Transformers (Figure 6 and 7) [42]. Unlike 

most existing PTMs which simply concatenate image region features and text features as input and resort 

to the self- attention mechanism (Figure 8) to learn semantic alignments between image regions and text 

in a brute force manner, OSCAR+ additionally takes into account explicit representation of object 

tags, serving as the anchor points and grounding for both image features and text features. This is 

motivated by the observation that the salient objects in an image can be accurately detected by modern 

object detectors[43], and that these objects are often mentioned in the paired text. This can help to 

overcome the problem of visual regions being often over-sampled[44], noisy and ambiguous. In this 

study, we show that the learning of cross-modal representations can be significantly improved by 

introducing object tags detected in images as anchor points to ease the learning of semantic alignments 

between images and texts. We propose a new VLP method Oscar, where we define the training samples as 

triples, each consisting of a word sequence, a set of object tags, and a set of image region features. 

The whole OSCAR+ model consists of 12 encoder blocks, and each encoder blocks takes as input 

the output embedding sequence produced by the previous encoder. The first encoder takes as input the 

embedding matrix of dimension (m + 2n + 3) × 768 which is produced by stacking the image features 

embeddings, the object tag embeddings, the text embeddings and the embedding of special tokens ([cls], 

 
 

 
Figure 5: VinVl Architecture 
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k 

 

 
 

Figure 6: OSCAR+ 

 

 

Figure 7: OSCAR+ Encoder 
 
 

[SEP]) from the pre-processing stage. In every encoder block, the input embedding sequence is passed 

through 12 self-attention heads (Figure 8) in parallel, each outputting a smaller matrix of dimension 

(m +  2n  +  3) × 64. More specifically, in each self-attention head, the input matrix will pass through 

three separate FCNN to produce three smaller matrices Q, k and V of dimension (m + 2n  +  3) × 64. 

Then, the standard dot product attention operation was carried out as 

QKT 
Attention(Q, K, V ) = softmax( √

d   
)V, (1) 

where dk equals to 64. These intermediate output matrices are again concatenated to form a matrix of 

the original size, passed through an FCNN, then added with the original matrix, and normalized by rows. 

This normalized matrix is again passed through an FCNN, added with itself, and normalized by rows 

again. Finally, the encoder block will produce a matrix of dimension (m + 2n + 3) × 768. 

 
 

 

 
 

Figure 8: Self-Attention Head 
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1.5 Results  

  Validation Validation Test Test 
 Model Acc. AUROC Acc. AUROC 
 Image-Grid 50.67 52.33 52.73 53.71 
 Image-Region 52.53 57.24 52.36 57.74 
 Text BERT 58.27 65.05 62.80 69.00 
 MMBT-Grid 59.59 66.73 62.83 69.49 
 MMBT-Region 64.75 72.62 67.66 73.82 
 VilBERT 64.75 72.62 67.66 73.82 
 Visual BERT 65.01 74.14 66.67 74.42 
 ViLBERT CC 61.40 70.07 61.10 70.0 
 Visual BERT COCO 65.93 74.14 69.47 75.44 
 OSCAR+ LC 66.32 75.37 68.52 75.56 
 OSCAR+ RF 66.58 76.83 68.73 77.14 

 

Table 1: Comparisons with different baseline models.  
 

The baseline provided by Kiela et al.[37] including both unimodal PTMs and multimodal PTMs. 

The unimodal PTMs are BERT [14] (Text BERT), standard ResNet-152 [30] convolutional features from 

res-5c with average pooling (Image-Grid), and features from fc6 layer that are fine-tuned using weights 

of the fc7 layer (Image-Region). The multimodal baseline methods include supervised multimodal bi- 

transformers [45] using either Image-Grid or Image-Region features (MMBT-Grid and MMBT-Region), 

versions of VilBERT[31] and Visual BERT[46] that were only unimodally pretrained and not pretrained 

on multimodal data (ViLBERT and Visual BERT)¿ The multimodal baselines are ViLBERT trained on 

Conceptual Captions[47] (ViLBERT CC) and Visual BERT trained on COCO dataset[48] (Visual BERT 

COCO). and Visual BERT (trained on COCO, Visual BERT COCO). The results are shown in Table 

1. We observe that the text-only classifier performs slightly better than the vision-only classifier, and 

multimodal PTMs performed significantly better than the unimodal models. Our proposed OSCAR+ 

models also performed better than other multimodal PTMs. Compared to OSCAR+ with simple linear 

classifier (OSCAR+ LC), OSCAR+ with random forest classifier (OSCAR+ RF) achieved both higher 

accuracy and AUROC (Area Under the Receiver Operating Characteristic) in validation set (dev set) and 

test set (Table 1). 
 
 

1.6 Discussion 

This study aimed to classify hateful memes using a specific multimodal PTM and to compare its per- 

formance with other simple. The results demonstrate that multimodal PTMs are better than unimodal 

models, and that by also intaking object tags, PTM can achieve greater accuracy and AUROC. This is 

because the hateful memes generally involves both visual and textual cues that could only be identified 

when considering them simultaneously, and because explicit representation of object tags further provided 

the model with clues of the features that to which it needs to pay more attention. For OSCAR+ specif- 

ically, the random forest classifier had better performance than linear classifier because it had greater  

degree of freedom to separate two groups of data points in high-dimensional representation space while 

linear classifier simply divide the representation space into two sections. Some of the models’ classification 

false results were presented in Figure 9 and 10. We found that the memes that invoked simultaneously 

the visual and textual cues that complemented each other were difficult to be classified correctly. And we 

also found that the memes that involves objects with specific external knowledge, such as the symbols of  

ethnic groups, nations and religions, can also pose a challenge for accurate detection. 

Moreover, aside from the aforementioned limitations, the detection models also face many more 

problems in real-life online public space. For example, modern online communication heavily employs 

non-standard features such as emojis and other irregular tokens such as $; and hateful users often 

try to evade detection by substituting the characters in their messages with very symbols which are very 

different in terms of machine encodings yet look or sound similar to human beings. One future 

improvement for our hateful message detection system is to take advantage of these underutilized visual or 

audio as- pects of the textual information in order to include more real-life scenarios. At the same time, as 

we showed that detecting underlying hateful metaphors requires the system to possess the ability to relate 

visual and linguistic entities in the image or captions to the real-world knowledge base, we expect future 

Visual-Language PTMs that are supplemented with external knowledge base, such as DBpedia[49] and 

wikidata[50] to achieve better performance on this task. Most of the contemporary pre-trained visual 

language models only take image and text into account, and the training dataset containing only common 
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Figure 9: False positive example 
 
 
 
 

 

Figure 10: False negative example 
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objects. The hateful memes often invokes objects that are both uncommon and specific, connected to 

historical or social events that are not present in those training sets. Thus, a sufficient dataset related to 

social or historical events is also in great demand. 

 

1.7 Conclusion 

This study has demonstrated that Visual-Language PTMs are capable of detecting hateful memes that 

involve strongly correlated textual and visual information. Compared to previous smaller or unimodal 

detectors, our proposed model has achieved significant improvement in detection performance. We further 

showed that compared to other multimodal PTMs, OSCAR+ was better performing because it used object 

tags as anchor points to better corroborate visual and textual information. In addition, we pointed out 

that our model is still not good enough to detect hateful memes that involves external knowledge, and 

provided future researchers with a room for further investigation. 
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