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Layers 24 48 78 96
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Relative
Computation 1x 4.7x 54 x 547x
Memory Footprint 5.12GB 24GB 275GB 2800GB
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Backward pass
Fort=1toT P Forward pass

B

Aw =n X % yb v ({oss(fw(xi, y,;))) // compute derivative and update

w-=Aw // apply update
End

Adapted from Minjia Zhang, DeepSpeed Presentation
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Fort=1toT

g= % bV (loss(fw(xp J’z)))
Aw = adam(g) -
w-=Aw // apply Updafe._______

vy = P *x1—1 — (1 — B1) * g
st = Paxsi_1 — (1 — P2) *Qf

Vi

' *
Jsire

g, : Gradient at time t alongw’

Awp = —n

vy + Fxponential Average of gradients along w,

sy« Exponential Average of squares of gradients along w;

31, B2 : Hyperparameters

[1] Kingma and Ba, “Adam: A Method for Stochastic Optimization”,

2014, https://arxiv.org/abs/1412.6980
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Model parallelism:
all workers train on same batch: ‘
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data batch.
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Ashish Vaswani et. al. Attention is all you need.
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positions, ...) & Dropout




B\ ETransformeriRERHTUEERR

Y =GeLU(X x A)
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Megatron-LM: Training Multi-Billion Parameter Language Models Using Model Parallelism.
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Megatron-LM: Training Multi-Billion Parameter Language Models Using Model Parallelism.
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GPipe: Efficient Training of Giant Neural Networks using Pipeline Parallelism
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GPipe: Efficient Training of Giant Neural Networks using Pipeline Parallelism
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GPipe: Efficient Training of Giant Neural Networks using Pipeline Parallelism
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