
Abstract
With the widespread growth of social media 
platforms, human-only moderation has become 
impractical due to the volume of new content 
continuously released. The goal of multimodal hateful 
meme analysis is to create computational models that 
can effectively tell whether memes, images with text 
captions that are usually intended to be humorous, are 
hateful and should be removed. These models can be 
split into two groups: early fusion, and late fusion. In 
this paper, we evaluate early fusion and late fusion 
models to see which is more practical for a real-world 
setting. Both of our models were made with 
ResNet-50 and DistilBERT as base models. In terms 
of performance, our early fusion model had a 0.9413 
ROC-AUC, while our late fusion model had a 0.9438 
ROC-AUC. However, the early fusion model 
outperformed the late fusion odel on accuracy, 
precision, recall, and F1 Score, and better balanced 
the modalities. Our late fusion model had a high 
reliance on the visual modality, while our early fusion 
model was well-balanced but leaned towards the text 
modality. We conclude by stating that early fusion is 
more balanced across the different modalities than late 
fusion, and therefore is a more practical choice for 
hateful meme analysis.
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Introduction
Social Media has become an integral part of everyday life, and 
today over 90% of adolescents in the United States of America use 
platforms like Facebook and Instagram daily. Billions of posts are 
exchanged daily between users all over the world, and one of the 
most commonly used post formats is the meme: it consists of an 
image and a text caption and uses numerous inside jokes. 
Although many memes are lighthearted and non-offensive, social 
media platforms have encountered difficulties with hateful memes 
“toxifying” communities, and removing them is an important 
priority. Although human moderators are more accurate, at the 
scale modern social media operates at, it is impossible to hire 
enough workers. Therefore, companies like Meta have tried to 
create machine learning models that can flag these memes; 
Although hateful memes are hard to classify with solely AI, they 
can act as a “first filter.” In this project, I explore two foundational 
machine learning paradigms, early and late fusion, and compares 
them in the context of hateful meme analysis. Early fusion merges 
the image and text from the start, while Late fusion processes 
them individually and then combines them afterwards.

Methods
In order to accurately compare early fusion and late fusion, both 
need to use similar base models, the same dataset, and be trained 
with a similar capacity. Therefore, larger models aren’t really the 
key here. In order to preserve accuracy while maintaining 
reasonable training time, I used a ResNet-50 CNN and a 
DistilBert Transformer. For the Early Fusion model, we chose to 
feed the outputs of the ResNet model into the input of the 
DistilBERT model. I did this via accessing the last hidden state 
and passing it through a simple fully-connected layer, 
compressing it into a format that could be seamlessly merged with 
the text tokens. For the Late Fusion model, we merged the outputs 
of the ResNet and DistilBERT models into a multi-layer 
perceptron that gradually shrunk into one output node, the 
hatefulness. We did this by taking the ResNet pooler output and 
the DistilBERT output token and using a small dropout at each 
step; randomly setting nodes to zero to make sure the model 
doesn’t rely too much on one node. For both models, we applied 
Binary Cross-Entropy loss, as it is the standard loss function to 
use when there are only two possible outputs.

Results
When both modalities were used, the late fusion model had 
0.8988 Accuracy, 0.8717 Precision, 0.8454 Recall, 0.8583 
F1-Score, and 0.9438 ROC-AUC. The early fusion model had 
0.9086 Accuracy, 0.8905 Precision, 0.8529 Recall, 0.8713 
F1-Score, and 0.9413 ROC-AUC. When only text was used, the 
late fusion model only outputted zero, while the early fusion 
model had 0.7278 Accuracyy, 0.6167 Precision, 0.6594 Recall, 
0.6374 F1-Score, and 0.7658 ROC-AUC. With only the image, the 
late fusion model had 0.7555 Accuracy, 0.7419 Precision, 0.5005 
Recall, 0.5978 F1 Score, and 0.8140 ROC-AUC. The Early Fusion 
model had 0.6886 Accuracy, 0.6356 Precision, 0.3318 Recall, 
0.4360 F1-Score, and 0.7022 ROC-AUC. 
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Discussion
When both text and image are provided, both models perform 
similarly. The Early Fusion model outperforms the Late Fusion 
model, but they are very close. However, these results are 
contradictory with another study that used a different dataset. I 
think this is because of the different dataset and model usage. 
When only text is used, early fusion performs much better, since 
late fusion only outputs zero. One potential conclusion from this is 
that the late fusion model relies more on the visual modality. 
Indeed, the scores with the visual modality only are even better 
than the Early Fusion model, and this shows a higher reliance on 
images as context in late fusion models. Conversely, the Early 
Fusion model performed better than if it only had the image,  
demonstrating that it relied more on text. 

Conclusion
For this project, I measured the capabilities of early fusion models 
compared to late fusion models in the context of multimodal 
meme analysis, and I used the Facebook Hateful Memes dataset to 
train my models. Overall, early fusion performs similarly to late 
fusion. However, late fusion has a heavy reliance on images, while 
early fusion models perform well while missing either modality. 
This suggests that early fusion is more well-balanced, while late 
fusion relies more on the image modality. In the real world, this 
may mean that the early fusion model will perform better than the 
late fusion model. Late fusion might also be deceived by hateful 
speech paired with an inconspicuous image. Overall, early fusion 
is a better choice than late fusion in the real world for multimodal 
hate meme analysis.
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