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Example: Options for computing convolutional layers

Direct

𝑤 ℱ

ℱ

ℱ−1

=

×
 𝑤

FFT
4 1 9 8

5 9 9 8

0 7 3 4

2 6 3 1

1 -1 0

0.1 -2 0

3 4 1.1
*

21.9 59.3 53.9 43.9

-6.3 16.8 12.3 12

9.6 15.3 25.8 14

0.4 7.1 52.1 53.1

=
Winograd

Direct

im2col

K. Chellapilla et al.: High Performance Convolutional Neural Networks for Document Processing, Int’l Workshop on Frontiers in Handwriting Recognition 2016
M. Mathieu et al.: Fast Training of Convolutional Networks through FFTs, ICLR’14
A. Lavin and S. Gray: Fast Algorithms for Convolutional Neural Networks, CVPR’16

𝐶𝑖𝑛

𝑁

Reshape

im2col

𝐶𝑖𝑛

𝐶𝑜𝑢𝑡 ⋅ 𝐶𝑖𝑛

𝐾𝑦

𝐾𝑥

𝑊

𝐻

𝐶
𝑜
𝑢
𝑡

𝐶𝑖𝑛 ⋅ 𝐾𝑦 ⋅ 𝐾𝑥

…

𝑁 ⋅ 𝐻′ ⋅ 𝑊′

𝐶
𝑖𝑛
⋅𝐾

𝑦
⋅
𝐾
𝑥

×

GEMM,

col2im

𝑊′

𝐻′

𝐶𝑜𝑢𝑡

𝒘

𝑭(𝒎,𝒓)
Winograd

Domain
Channel-wise 

summation+

𝐴𝑇 ⋅ ⋅ 𝐴

𝐺 ⋅ ⋅ 𝐺𝑇𝐵𝑇 ⋅ ⋅ 𝐵

Element-wise 

product

𝑚 ×𝑚

𝑟 × 𝑟
𝑚′ ×𝑚′

𝑚′ = 𝑚 + 𝑟 − 1



spcl.inf.ethz.ch

@spcl_eth

12

Transformers 

A. Vaswani et al. “Attention Is All You Need,” NeurIPS 2017.
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Transformers – Multi-Head Attention

A. Vaswani et al. “Attention Is All You Need,” NeurIPS 2017.
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 Use techniques from compiler construction: DNN  Graph  IR  Transformations  HW Mapping

15

DNN Compilers

TensorFlow/JAX XLA Facebook Glow / TorchScript JIT

TVM StackIntel nGraphaCe

T. Ben-Nun et al. “Stateful Dataflow Multigraphs: A data-centric model for performance portability on heterogeneous architectures”, SC 2019.
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Data Movement is All You Need

17A. Ivanov et al. “Data Movement Is All You Need: A Case Study on Optimizing Transformers”, MLSys 2021. https://arxiv.org/abs/2007.00072

https://arxiv.org/abs/2007.00072


spcl.inf.ethz.ch

@spcl_eth

Data Movement is All You Need
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TF+XLA PyTorch cuDNN Ours

Forward (ms) 1.60 1.90 131 1.25

Backward (ms) 2.25 2.77 652 1.86

Multi-Head Attention

TF+XLA PyTorch DeepSpeed Ours

Forward (ms) 3.20 3.45 2.80 2.63

Backward (ms) 5.20 5.69 4.80 4.38

Full BERT Encoder Layer 

A. Ivanov et al. “Data Movement Is All You Need: A Case Study on Optimizing Transformers”, MLSys 2021. https://arxiv.org/abs/2007.00072

https://arxiv.org/abs/2007.00072
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Transformers 
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Pretraining Transformers on Weather Data
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Partitioning Computation?

…

…
…

…

Data Parallelism
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Partitioning Computation?

…

…
…

…

Data Parallelism

Model Parallelism 1

3

Channel/Filter Spatial

…Pipeline Parallelism

Layer

N. Dryden et al. “Improving strong-scaling of CNN training by exploiting finer-grained parallelism”, IPDPS 2019.
N. Dryden et al. “Channel and filter parallelism for large-scale CNN training”, SC 2019.
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Partitioning Computation?

…

…
…

…

Data Parallelism

Model Parallelism 1

3

Channel/Filter Spatial

…PIpeline Parallelism

Layer

 Parameters/domain can be distributed across processors

 Good for: large inputs, wide networks

 Complex communication per-layer

 Performance hinges on implementation

 Parameters can be distributed across processors

 Good for: deep models, few activations

 Sparse communication pattern (only pipeline stages)

 Consistent model introduces idle-time “Bubble”

 Simple and efficient solution, easy to implement

 Duplicate parameters at all processors

 Affects generalization
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Training is not just Learning

R. Böhringer et al., “Clairvoyant Prefetching for Distributed Machine Learning I/O”, arXiv 2021.

Random 
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Gradients and 
Weight Update

Random 
Read
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Random 
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Decode …Preprocess
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Minibatch 2

Minibatch 3

CPU AcceleratorCPU/AcceleratorNetwork/HDD

…

Stall

(compute)

Decode Preprocess

Stall (I/O throughput)
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(contention)

Minibatch 4Random Read …
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 Data augmentation is a determining factor in end accuracy

 Affects I/O and the training pipeline

31

Training Pipeline – Data and Batch Augmentation

Stall

(compute)

Random 
ReadStore Decode Preprocess

Gradients and 
Weight Update

Random 
Read

Decode
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Read

Preprocess

Decode …
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Random Read …

…

E. Hoffer et al. “Augment Your Batch: Improving Generalization Through Instance Repetition,” CVPR 2020.
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Training Pipeline – Batch Augmentation
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E. Hoffer, T. Ben-Nun et al. “Augment Your Batch: Improving Generalization Through Instance Repetition,” CVPR 2020.
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Training is not just Learning

K. Osawa et al., “Second-order Optimization Method for Large Mini-batch: Training ResNet-50 on ImageNet in 35 Epochs”, arXiv 2018.
T. Karras et al., “Progressive Growing of GANs for Improved Quality, Stability, and Variation”, arXiv 2017.

Imbalanced workload over timeNontrivial gradient aggregation

Data/compute redistribution
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Centralization

C
en

tral

Decentral

parameter server (sharded) 𝑤’ = 𝑢(𝑤, 𝛻𝑤)

𝑤𝛻𝑤

Training Agent Training Agent Training Agent Training Agent

Training Agent Training Agent Training Agent Training Agent

collective allreduce of 𝒘

𝑇 = 2𝐿 log2 𝑃 +
2𝛾𝑚𝐺(𝑃 − 1)/𝑃

𝑇 = 2𝐿 + 2𝑃 𝛾𝑚/𝑠 𝐺 - Collective operations
- Topologies
- Neighborhood collectives
- RMA?
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Relaxing parameter consistency

Inconsistent

Ensemble
Learning

Synchronous
SGD

Consistent

Stale-Synchronous
SGD

Model
Averaging

(e.g., elastic)

Asynchronous
SGD (HOGWILD!)

Max. Staleness

Time

Agent 1

Agent m

. . . 

𝑤 1,1

𝑤 1,𝑚 𝑤 2,𝑚

𝑤 2,1 𝑤 3,1 𝑤 4,1

Parameter Server𝑤 0 …

Sync.

Time

Parameter Server

Agent 1

Agent m

. . . 

𝑤 0 …

𝑤 1,𝑚 𝑤 2,𝑚

𝑤 2,1𝑤 1,1 𝑤 3,1

𝑤 3,𝑚

𝑤 1,1

Time
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. . . 

𝑤 0 …
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𝑤 2,1 𝑤 3,1 𝑤 4,1 𝑤 5,1 𝑤 6,1

𝑤 1,𝑚 𝑤 2,𝑚 𝑤 3,𝑚 𝑤 4,𝑚 𝑤 5,𝑚 𝑤 6,𝑚

Time

Agent 1

Agent m 𝑤 1,𝑚 𝑤 2,𝑚

𝑤 2,1𝑤 1,1 𝑤 3,1

𝑤 3,𝑚

Agent r

Agent k

𝑤 1,𝑟 𝑤 2,𝑟 𝑤 3,𝑟 𝑤 4,𝑟 𝑤 5,𝑟

𝑤 1,𝑘 𝑤 2,𝑘 𝑤 3,𝑘
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40Shigang Li et al., “Taming unbalanced training workloads in deep learning with partial collective operations”, PPoPP 2020

Parameter (and Model) consistency - decentralized 

Inconsistent

Ensemble
Learning

Synchronous
SGD

Consistent

Stale-Synchronous
SGD

Model
Averaging

(e.g., elastic)

Asynchronous
SGD (HOGWILD!)
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 Different options how to optimize updates

 Send 𝛻𝑤, receive 𝑤

 Send FC factors (𝑜𝑙−1, 𝑜𝑙), compute 𝛻𝑤 on parameter server

Broadcast factors to not receive full w

 Use lossy compression when sending, accumulate error locally!

 Quantization

 Quantize weight updates and potentially weights

 Main trick is stochastic rounding [1] – expectation is more accurate

Enables low precision (half, quarter) to become standard

 TernGrad - ternary weights [2], 1-bit SGD [3], …

 Sparsification

 Do not send small weight updates or only send top-k [4]

Accumulate omitted gradients locally

41

Communication optimizations
parameter server (sharded) 𝑤’ = 𝑢(𝑤, 𝛻𝑤)

𝑤𝛻𝑤

Training Agent Training Agent Training Agent Training Agent

[1] S. Gupta et al. Deep Learning with Limited Numerical Precision, ICML’15
[2] F. Li and B. Liu. Ternary Weight Networks, arXiv 2016
[3] F. Seide et al. 1-Bit Stochastic Gradient Descent and Application to Data-Parallel Distributed Training of Speech DNNs, In Interspeech 2014
[4] C. Renggli et al. SparCML: High-Performance Sparse Communication for Machine Learning, arXiv 2018

source: ai.intel.com
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 Scientific ML workloads are atypical and heterogeneous

 Scaling is not a luxury, but a requirement

 Requires efficient utilization of all resources – including the single node

 Training is a complex pipeline, dependent on software/hardware stacks

 but can be exploited for performance

42

Summary


