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Remember Past, Anticipate Future: 
Learning Continual Multimodal Misinformation Detectors

Key Takeaways

➢New Task: We focus on a new task named continual multimodal misinformation detection, and we argue 

that this task have two primary challenges: past knowledge forgetting and social environment evolving.

➢Method: We propose a dynamically adapted MoE module to learn event-shared/specific experts, and 

dynamically expand them with a Dirichlet processing model. To learn the dynamics of social environment, 

we design a environmental dynamics model with a neural ordinary differential equation.

➢Experiments: By comparing with baseline models, we have demonstrated the effectiveness of our model.
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➢ Challenge 1: Past Knowledge Forgetting 

When facing data streams, especially large-scale data, 

training on new data consistently causes the detection 

performance of MMD models to decrease on past data.

To address these two challenges, we propose a new

framework DAEDCMD, which aims to restore the

knowledge of past data and simultaneously learn the

dynamic environmental distribution. Specifically,

DAEDCMD consists of three following modules.

Motivation

Our Proposed Method: DAEDCMD

Module 1: Base Feature Extractor

This module extracts semantic features of image/text 

content and fusing them into a multimodal feature. It can 

be replaced by various SOTA MMD methods, e.g., BMR.

Experimental Results

Module 2: Dynamically Adapted MoE

Generally, this module aims to alleviate the knowledge 

forgetting issue by employing an MoE-based model, 

which consists of a Dirichlet process mixture-based 

method to dynamically expand experts and an exponential 

moving average optimized event-shared expert.

➢ Key Part A: Event-shared & Event-specific Experts

✓ Specifically, we initialize a event-shared expert and M

event-specific experts, and each expert contains a 

discriminator part and a variational generator part. The 

discriminator is implemented as a LoRA model and the 

generator is structured as a variational autoencoder, which 

includes an encoder and a decoder to reconstruct the input.

➢ DAEDCMD outperform six MMD baselines and three

continual learning methods across three datasets 

New Task Continual Multimodal Misinformation Detection

On real-world online social media, new events always 

continually emerge, which renders MMD models trained 

on offline data ineffective in practical scenarios. 

➢ Challenge 2: Social Environment Evolving 

In online scenarios, the social environment consistently 

changes over time, which leads to a gradual evolution of 

the data distributions, especially fake ones.
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➢ Key Part B: Dirichlet Expert Expanding

✓ Dynamically expand the number of experts

Module 3: Environmental Dynamics Model

To predict the dynamics, we train a dynamics model to 

predict the environmental distribution (implemented by a 

Gaussian distribution) of future samples, and sample an 

environmental feature for veracity prediction.


