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Figure: https://computing.linl.gov/tutorials/parallel_comp/
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Top-5 accuracy vs. computational complexity (single forward pass)

Benchmark Analysis of Representative Deep Neural Network Architectures
https://arxiv.org/pdf/1810.00736.pdf
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‘Distributed algorithms are algorithms designed to run on multiple |

\processors, without tight centralized control” -- (MIT 6.8521/18.437J) ,'

- —_—— —_—— —_—— ~
PHIARSR

"A distributed system (s a collection of independent computers that
appears to its users as a single coherent system.” -- (Distributed

Systems: Principles and Paradigms )
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Data-Flow Graph (DFG)

o =

m
S

y

TensorFlow

tf.placeholder(tf.float32)
tf.Variable(tf.float32)
tf.Variable(tf.float32)

W * x
m+b
tf.reduce sum(s)

grad W, grad b = tf.gradients(y, [W, b])

update = optimizer.apply_gradients({[W, grad_W],
[b, grad_b]})




i REFIGEHITED

TensorFlow Data-Flow Graph (DFG)
x = tf.placeholder(tf.float32) g/|\1:$2|§
W = tf.Variable(tf.float32)
b = tf.Variable(tf.float32)
m=MW* x
Ss=m+b
y = tf.reduce_sum(s)

grad W, grad b = tf.gradients(y, [W, b])

update = optimizer.apply_gradients({[W, grad_W],
[b, grad_b]})
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https://blog.skymind.ai/distributed-deep-learning-part-1-an-introduction-to-distributed-training-of-neural-networks/
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Batch TRLEE, ISEIERE, ..

> *U _SlMD 1:’]:__1_5%775':}:1'1—-'-_975’ |§-IHT-]-\_ Image data im2col convolution

F

D[0,0,::] D[0,1,:,] D[0,2,:,]
N =1
Filter data C =3
H=23
EEEEE
K=2
F[0,:,::] R =2
S =2
u=v =1
pad_h = 0
F[1,,,;] padw = 0
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Joseph E. Gonzalez Al-Systems Distributed Training
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HEFT: SMAFITHEAGEN

https://blog.skymind.ai/distributed-deep-learning-part-1-an-introduction-to-distributed-training-of-neural-networks/
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Compute Communicate Compute
Machine 1 /
Machine 2 \(
Machine 3 WESE

V
Barrier Barrier

Joseph E. Gonzalez Al-Systems Distributed Training
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Joseph E. Gonzalez Al-Systems Distributed Training
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e.g., Stale Synchronous Parallel (SSP)

SSP: Bounded Staleness and Clocks

Staleness Threshold 3 Here, Worker 1 must wait on
> further reads, until Worker 2
I I I has reached clock 4

AN

Worker 1

D

Worker progress

Worker 2 Updates visible to

all workers

l IA

Worker 3 Updates visible to Worker 1,

due to read-my-writes

" )

Worker 4 Updates not necessarily

visible to Worker 1
} >
8 9 Clock

Q) e - - — -

~J T - ———————— -

o
=
N
W -
Do
R .
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Downpour SGD
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GPipe

1_1_5(]“m|n|batch H17iRD, MRS [A(Bubble),

IR TR FF T

MIMEBFIHEF

F, B. Update
/L'o SS\A F Updat
0 ate
Device 3 Fa > 83 Fo Update
f ‘ FO T|me B0 Update

Device 2 Fz - B,

f !} (b)

Device 1 F1 . B1 Faso | Fa1 | Faz2 | Faa| Bas | Ba2 Bso Update
1 l F2o | F21 | F22 | Fas Bzs Bz Update

Device 0 Fo - B
F1,o F1,1 F1,2 F1,3 B1,2 1 B1,o Update
\ / Foo | Fo1 | Foz | Fos BUbee Bos 2 Bo. Boo | Update

Gradients

GPipe: Easy Scaling with Micro-Batch Pipeline Parallelism

N


https://arxiv.org/pdf/1811.06965.pdf

PipeDream

XFAEREEN &I, fEGpipeEit BH—ER/MEEZTH

All inputs use weights from last flush Pipeline f_IUSh: P pe D rea m
add gradients
_TaOs:
° 2
GPipe "
4
Startup State Steady' State
B Forward Pass [ ] Backward Pass NN Idle >

Time

I Forward Pass [ | Backward Pass NNy Idle
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» Scaling Distributed Machine Learning with the Parameter Server
(OSDI'14)
Paper describing the parameter server system

» PipeDream: Generalized Pipeline Parallelism for DNN Training (sosp19)
Latest paper exploring pipeline parallel training

» Adaptive Communication Strategies to Achieve the Best Error-Runtime
Trade-off in Local-Update SGD (sysmL'19)

Dynamic averaging approach to distributed training



https://www.usenix.org/system/files/conference/osdi14/osdi14-paper-li_mu.pdf
https://cs.stanford.edu/~matei/papers/2019/sosp_pipedream.pdf
https://arxiv.org/pdf/1810.08313.pdf
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