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A brief theory of supervised deep learning (minibatch SGD)
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A brief theory of supervised deep learning (minibatch SGD)
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≥TBs of random 
access

100MiB-26GiB and beyond 22k-millions

Deep Learning is Supercomputing!
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Computational Principles

Data
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Minibatch Stochastic Gradient Descent (SGD)
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T. Ben-Nun, T. Hoefler: Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis, CSUR 2019
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▪ In cuDNN there are ~16 convolution implementations

▪ Performance depends on temporary memory (workspace) size

▪ Key idea: segment minibatch into microbatches, reuse 
workspace, use different algorithms

▪ How to choose microbatch sizes and algorithms?

7Y. Oyama, T. Ben-Nun, T. Hoefler and S. Matsuoka: µ-cuDNN: Accelerating Deep Learning Frameworks with Micro-Batching, Cluster 2018

Dynamic Programming (Space Reuse)

Integer Linear Programming (Space Sharing)

Microbatching (µ-cuDNN) – how to implement layers best in practice?

Fast (up to 4.54x faster on DeepBench)
Microbatching Strategy

none (undivided)

powers-of-two only

any (unrestricted)
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▪ https://www.arxiv.org/abs/1802.09941
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Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis

https://www.arxiv.org/abs/1802.09941
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▪ Parameters can be distributed across processors

▪ Mini-batch has to be copied to all processors

▪ Backpropagation requires complex communication every layer

14

Model parallelism – limited by network size

… 1

3

M. Forrest, D. Roweth, N. Stroud, D. J. Wallace, and G. V. Wilson. 1987. Implementing Neural Network Models on Parallel Computers. Comput. J.
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Idle Idle
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Pipeline parallelism – limited by network size

▪ Layers/parameters can be distributed across processors

▪ Sparse communication pattern (only pipeline stages)

▪ Mini-batch has to be copied through all processors

▪ Consistent model introduces idle-time “Bubble”

G. Blelloch and C.R. Rosenberg: Network Learning on the Connection Machine, IJCAI’87

…

1 2 3
1 2 3

1 2 3 3 2 1
3 2 1

3 2 11
1

1 1
1

1Proc 1
Proc 2
Proc 3

Microbatching
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Data parallelism – limited by batch-size

▪ Simple and efficient solution, easy to implement

▪ Duplicate parameters at all processors

▪ Affects generalization

…
…

…

X. Zhang et al.: An Efficient Implementation of the Back-propagation Algorithm on the Connection Machine CM-2, NIPS’89
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Hybrid parallelism

A. Krizhevsky: One weird trick for parallelizing convolutional neural networks, arXiv 2014
J. Dean et al.: Large scale distributed deep networks, NIPS’12.
T. Ben-Nun, T. Hoefler: Demystifying Parallel and Distributed Deep Learning: An In-Depth Concurrency Analysis, CSUR 2019

▪ Layers/parameters can be distributed across processors

▪ Can distribute minibatch

▪ Often specific to layer-types (e.g., distribute fc layers but handle conv layers data-parallel)

▪ Enables arbitrary combinations of data, model, and pipeline parallelism – very powerful!

Model
Parallelism

Data
Parallelism

Layer (pipeline) Parallelism

…
…

…
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Updating parameters in distributed data parallelism

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?

Hierarchical Parameter Server
S. Gupta et al.: Model Accuracy and 

Runtime Tradeoff in Distributed Deep 
Learning: A Systematic

Study. ICDM’16

Adaptive Minibatch Size
S. L. Smith et al.: Don't Decay the 

Learning Rate, Increase the Batch Size, 
arXiv 2017
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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

20

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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SparCML – Quantized sparse allreduce for decentral updates

𝛻𝑤1 𝛻𝑤2 𝛻𝑤3 𝛻𝑤4

+ +

+ +

C. Renggli et al. SparCML: High-Performance Sparse Communication for Machine Learning, arXiv 2018

Microsoft Speech Production Workload Results – 2 weeks → 2 days!

Six epochs, 60 million params
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▪ End result – generalization 

▪ Accuracy on unseen examples after training converges

▪ Time to convergence 

▪ Several epochs until validation accuracy is sufficient

▪ Epoch time

▪ Pass over all samples in dataset running fwd inference and backprop, incl. I/O 

▪ Sample throughput

23

Reproducing and Benchmarking Deep Learning

T. Ben-Nun et al., A Modular Benchmarking Infrastructure for High-Performance and Reproducible Deep Learning, IPDPS 2019.
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Existing Deep Learning Frameworks

▪ Customizing operators 
relies on framework

▪ Network representation

▪ Dataset representation

▪ Training algorithm

▪ Distributed training (e.g., 
asynchronous SGD)

T. Ben-Nun et al., A Modular Benchmarking Infrastructure for High-Performance and Reproducible Deep Learning, IPDPS 2019.



spcl.inf.ethz.ch

@spcl_eth

▪ Deep learning meta-framework: a framework for frameworks to reside in

25

Deep500

CustomOp

Operators

Level 0

forward()
gradient()

T. Ben-Nun et al., A Modular Benchmarking Infrastructure for High-Performance and Reproducible Deep Learning, IPDPS 2019.
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▪ Deep learning meta-framework: a framework for frameworks to reside in
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Deep500

CustomOp

Executor

Operators

Network

Level 0

Level 1

add_node()
add_edge()
remove_...

inference()
inference_and_backprop()

T. Ben-Nun et al., A Modular Benchmarking Infrastructure for High-Performance and Reproducible Deep Learning, IPDPS 2019.
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▪ Deep learning meta-framework: a framework for frameworks to reside in
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Deep500

CustomOpHDD

Dataset

Sampler

Optimizer

Executor

Operators

Network

Training Runner (Trainer)

Level 0

Level 1

Level 2

get(i)

next()

minimize() step()

train()

T. Ben-Nun et al., A Modular Benchmarking Infrastructure for High-Performance and Reproducible Deep Learning, IPDPS 2019.
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▪ Deep learning meta-framework: a framework for frameworks to reside in
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Deep500
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T. Ben-Nun et al., A Modular Benchmarking Infrastructure for High-Performance and Reproducible Deep Learning, IPDPS 2019.
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Fixed definitions + mutable definitions +

acceptable metric set = Recipe

29

For Benchmarking: Recipes

T. Ben-Nun et al., A Modular Benchmarking Infrastructure for High-Performance and Reproducible Deep Learning, IPDPS 2019.
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Fixed definitions + mutable definitions +

acceptable metric set = Recipe

30

For Benchmarking: Recipes

T. Ben-Nun et al., A Modular Benchmarking Infrastructure for High-Performance and Reproducible Deep Learning, IPDPS 2019.

https://github.com/deep500/deep500/blob/master/recipes/cifar10_resnet44.py

https://github.com/deep500/deep500/blob/master/recipes/cifar10_resnet44.py
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class IPowOp(CustomPythonOp):
def __init__(self, power):

super(IPowOp, self).__init__()
self.power = power
assert int(power) == power # integral

def forward(self, inputs):
return inputs[0] ** self.power

def backward(self, grads, fwd_inputs, fwd_outputs):
return (grads[0] * self.power * 

(fwd_inputs[0] ** (self.power - 1)))

31

For Customizing: New Operator

Python

template<typename T>
class ipowop : public deep500::CustomOperator {
protected:

int m_len;
public:

ipowop(int len) : m_len(len) {}
virtual ~ipowop() {}

void forward(const T *input, T *output) {
#pragma omp parallel for
for (int i = 0; i < m_len; ++i)

output[i] = std::pow(input[i], DPOWER);
}

void backward(const T *nextop_grad,
const T *fwd_input_tensor,
const T *fwd_output_tensor,
T *input_tensor_grad) {

#pragma omp parallel for
for (int i = 0; i < m_len; ++i) {

input_tensor_grad[i] = nextop_grad[i] * DPOWER * 
std::pow(fwd_input_tensor[i], DPOWER - 1);

}
}

};

C++

T. Ben-Nun et al., A Modular Benchmarking Infrastructure for High-Performance and Reproducible Deep Learning, IPDPS 2019.
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For Customizing: Distributed Optimization

T. Ben-Nun et al., A Modular Benchmarking Infrastructure for High-Performance and Reproducible Deep Learning, IPDPS 2019.

https://github.com/deep500/deep500/blob/master/deep500/frameworks/reference/distributed_optimizers.py#L68

https://github.com/deep500/deep500/blob/master/deep500/frameworks/reference/distributed_optimizers.py#L68
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▪ A supercomputing problem - amenable to established tools and tricks from HPC

▪ Concurrency is easy to attain, hard to program beyond data-parallelism

▪ Main bottleneck in distributed is communication – reduction by using the robustness of SGD

▪ Co-design is prevalent

▪ Very different environment from traditional HPC

▪ Trade-off accuracy for performance!

▪ Main objective is generalization

▪ Performance-centric view in HPC can be harmful for accuracy

33

HPC for Deep Learning – Summary

https://www.arxiv.org/abs/1802.09941

https://www.arxiv.org/abs/1802.09941
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▪ More recipes

▪ More datasets (scientific computing)

▪ Use concepts from HPC to improve ML
▪ Better formats
▪ Communication schemes

▪ Implement reproducible methods

▪ Metrics and aggregate scores

34

Next steps – Community! https://www.deep500.org/
https://www.github.com/deep500/deep500

https://arxiv.org/abs/1901.10183

https://www.deep500.org/
https://www.github.com/deep500/deep500
https://arxiv.org/abs/1901.10183

