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Residual models

• Simplest form: identity residual connection
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Residual models

• Backpropagation:
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Gradient decomposition
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Gradient decomposition
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Gradient decomposition
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Gradient decomposition
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Approximation with partial sum:



Gradient decomposition
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→ Why would this work?

• Gradient vanishing reduces the gradients 
going through many blocks
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Highway backpropagation
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Iterative computation:



Highway backpropagation
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1) Parallel backpropagation through each block

2) Cumulative sum (parallelizable)

Iterative computation:



In the paper, we extend the framework to a broader set of models:

▪ Arbitrary residual connection functions:

→ ResNets, post-layernorm transformers, …

General framework
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▪ Handle intermediary losses:

ℒ 𝑥 = ෍

𝑖=0

𝐿

ℒ𝑖(ℎ𝑖)

→ RNNs: GRUs, LSTMs, …



Result
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ResNet110

CIFAR10

(𝐿 = 54)

Transformer

Wikitext103

(𝐿 = 24)

RNN (GRU x3)

Wikitext103

(𝐿 = 256)

→ Matches backpropagation with 𝑘 ≪ 𝐿 iterations.



Thank you!

Contact: erwan.fagnou@dauphine.psl.eu
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