
There are many arguments for training deep learning models on synthetic data, including 1) with the
advent of trillion parameter models, we are simply running out of training data; 2) synthetic training
data is much cheaper to source than real data; 3) some important domains lack large training data
sets. Moreover, even if you think you are training your model on clean, real data, it is likely that your
dataset has been polluted inadvertently with synthetic data. Our preliminary research in this space
has shown that synthetic data training creates a feedback loop that, over generations of models, can
amplify artifacts, increase biases, and reduce the models’ quality and diversity (aka, “model collapse”
or “MADness”). The potential negative ramifications of model collapse reach across the entire
spectrum of machine learning applications, from generative models to decision making system to
signal and image processing systems. It is imperative that we design new machine learning models
and training paradigms that are at least robust and at best immunized against synthetic data. In this
talk, we show that this is indeed possible. 
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