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Meta learning = learning to learn
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Revisiting gradient descent
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Can we learn gradient descent? 
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Two network architecture
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Recurrent NN (LSTM) as optimizer



Recurrent NN (LSTM) as optimizer



Recurrent NN (LSTM) as optimizer



Recurrent NN (LSTM) as optimizer



Outer optimization loss



Outer optimization computational graph



Coordinatewise LSTM optimizer
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Conclusion

• Better performance than state-of-the-art optimizers

• High degree of transfer between different tasks and different
architectures

• LSTM is costlier to run than SGD

• Need meta training
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Previous work

• RL2:  solves the problem by applying a RL algorithm to 
learn a RNN which represents the RL algorithm

• MAML: searches for a good initialisation of gradient based 
models.



Proposed solution

• Black box method

• Parameterizes target ( loss) of RL algorithm

• Meta-learned online

• No «meta training»



Update Targets in RL algorithms
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Idea: parameterize update target



Meta gradients



Value based control



Consistent update targets heuristic
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Conclusion

• FRODO can outperform a strong actor critic baseline

• Solves boostrapping

• Solves non-stationarity

• Learns online, during single agent lifetime

• Can adapt to changes

• Needs heuristic

• Still needs hand tuning



Summary

• First paper proposes learned optimizer in form of recurrent NN, for 
supervised learning taks

• FRODO proposes to learn the update target of RL algorithms



Benchmarks: DeepMind Alchemy
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