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Old problem: vanishing gradient
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Old problem: vanishing gradient

The gradient of the loss (assuming dense layers) w.r.t to first bias: 

But we have (for sigmoids) : 
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Old problem: vanishing gradient

Hence, 

Or: the deeper the network, the smaller the magnitude of the 
gradient. Hence, the first layers receive very little gradient updates.
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Solution: ResNet [He 2015]

The idea is to add the output of a layer to the output of the previous 
layer (i.e. its input). This allows the gradient to flow more naturally 
backward through the network (via the identity term in the gradient 
equation):
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Another old problem: input magnitude change

TL;DR: the output magnitude of a layer changes during training, and 
subsequent layers must adapt to this change (“in addition to moving in their 
own correction direction”).
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Solution(s): Normalization [Ioffe 2015]

The issue is solved by introducing a “normalization layer,” which ensures that the input 
remains within a “fixed” range. Essentially, it subtracts the mean and divides by the 
variance.

Method Normalizing axis Typical models Ref

BatchNorm Batch CNNs [Ioffe 2015]

LayerNorm 
RMSNorm

Features Transformers 
(Claude, GPT, Mistral)

[Lei Ba 2016]
[Zhang 2019]

InstanceNorm Spatial per channel Style transfers
(StyleGAN)

[Ulyanov 2016]

GroupNorm By channels Detection/Segmentati
on/Diffusion

[Wu 2018]
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Now: what happens with both?

[Vaswani 2017]

This is exactly ResNet + (Post)LayerNorm. 
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Now: what happens with both?

[Vaswani 2017]

This is exactly ResNet + (Post)LayerNorm. 

The gradient through the ResNet is given by: 

Constrained by 
normalization



1
0

Now: what happens with both?

[Vaswani 2017]

This is exactly ResNet + (Post)LayerNorm. 

The gradient through the ResNet is given by: 

Constrained by 
normalizationThe product of (1+x) 

tends to grow…

The normalization reverses the old problem: now early 
layer tend to receive more gradient information…
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Partial Solution: Highway networks [Srivastava 2015]

Instead of simply adding the previous layer’s output, why not perform a learned 
interpolation between it and the new layer’s output?

This does not totally solve the issue, but mitigates it. 

Note: the paper is one month older than ResNet.
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Another problem with ResNet (not solved):

One fundamental flaw of ResNets is that they only look at the previous vector. In 
some sense, they compress the information into a single vector, which is highly 
lossy. 
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Another problem with ResNet (not solved):

One fundamental flaw of ResNets is that they only look at the previous vector. In 
some sense, they compress the information into a single vector, which is highly 
lossy. This is reminiscent of RNN/LSTM networks, which suffered from memory loss 
as sequences became longer and longer.



14

Solution (as always): Attention

Let the network attend to previous layers and compute the appropriate 

weights for them:
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Solution (as always): Attention
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Block Attention residual



17

Block Attention residual

Full attention residual connections
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Block Attention residual

Full attention residual connections Block attention residuals

Only block data 
is sent to other 
blocks

Full attention 
within the block
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Very big model problems 
(ie the one we can’t afford to train in public research)

How to train a model on multiple GPUs? 
● Data-Parallelization?

● Requires the model to fit within each GPU’s memory (which is non-trivial for billion-parameter 

networks).

● Requires aggregating gradients and results.

● Requires updating weights (i.e. applying gradients).

Overall: wastes a lot of compute, either by duplicating computation or by spending excessive time 

moving data around.
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Very big model problems 
(ie the one we can’t afford to train in public research)

How to train a model on multiple GPUs? 
● Data-Parallelization
● Tensor-Parallelization?

● Requires transferring and aggregating results.
● Involves a large amount of communication between GPUs.

Overall: it could be a good approach for a small number of very large layers that do not fit in memory, 
especially on a small number of devices. However, when training on 1024 A100 GPUs for a month (the 
reported setup for GPT-3 according to NVIDIA), communication overhead would become 
predominant.
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Very big model problems 
(ie the one we can’t afford to train in public research)

How to train a model on multiple GPUs? 
● Data-Parallelization
● Tensor-Parallelization
● Pipeline parallelization?

● Each GPU sequentially processes a small part of the pipeline (e.g. layers 1 & 2).
● Wastes time because of pipeline bubbles (when GPUs are inactive).
● Requires at least one layer to fit on a single GPU (which people do run into in practice…).

Load imbalance: some GPUs may become bottlenecks depending on the layers they have to run, 
preventing efficient sharding…

Overall: also not ideal when wasting compute resources can literally cost millions per hour, 
especially when you’ve decided that trillions of parameters are what you want…



Solution: Data-Tensor-Pipeline parallelization 
[Narayanan 2021]

As a side note: 8 microbatches for a 16-way pipeline with 8-way tensor parallelism = 1024 GPUs :)! Btw, this means that 
each layer is computed across 64 GPUs… GPT-4 is rumored to have used between 10k and 25k GPUs in parallel.
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Coming back to our problem: we need to send the 
block residual attention to corresponding GPUs

TLDR: As each GPU compute one part of the pipeline we need not to send 
the full attention history but only what was not present in the GPU.
Essentially the memory and transfer cost is very low especially when 
compared to layer outputs. 
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Some results :) 
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Some results :) 



FIN


