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Why deep neural networks?

What?

Input signal
Convolution

Pooling Convolution Pooling Full
connection

dog(91 %)
cat(5 %)

boat(3 %)
bird(1 %)

 DNN has many layers of convolutional neural network (CNN), 
which imitates part of the human visual cortex in the cerebrum.

 Application areas
DNN has general-purpose 
characteristics and abilities.

Medicine, biologyAutomotive

 Deep neural network (DNN)

Robotics
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Correlation between accuracy and deepness

Precision of image recognition continue to improve with a deeper 
and larger-scale neural network models.
Therefore, DNN requests  a ‘deeper and larger model’.

Image Classification on ImageNet (ILSVRC)

28.2
25.7

15.3

11.7

6.6 5.1
3.5 2.9

8-layers

152-layers

2.2

ISSCC 2017, J. Cong, et. Al. “Neural Network on FPGAs” 

（W/ Convolutional Neural Network）

Along with improving error rate, the 
layer number sharply increases

Human
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Parallel network training models

 Data parallelism 
has divided dimensions of data. 

Each worker trains a different part 
of the model (network).

Each worker trains on the same network 
but with a different data example.

 Model parallelism 
has divided dimensions of a model .

Split Input batch data Input batch data

 Deeper network takes longer training time.
 5–6 days to train AlexNet      w/ ImageNet, on x2 NVIDIA GTX580
 3 weeks to train ResNet-200 w/ ImageNet, on x8 GPGPU

CVPR 2016, K. He, et.al., June 2016. ECCV 2016, K. He, et.al., July 2016.
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Scalability challenge in parallelism

Data from Google Research Blog
https://research.googleblog.com/2016/04/announcing-tensorflow-08-now-with.html

 To improve the parallelization scalability is one of 
challenges in large-scale distributed neural networks.

 Accelerate training time is the
key for future DNN application.

 External data communication
between GPUs and servers are
increased for weight unification
with the number of GPUs.

 Speed up factor is saturated
with large-number of GPUs, that
is the scalability limitation in
distributed deep learning.
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Concept of layer-block-wise pipeline

Pipeline stage
worker

Layer block

 Pipeline stage and layer-block
 Each pipeline stage with multiple layers has a 

worker for both forward and back propagations
 A worker keeps a single weight matrix 

corresponding to its own layer network

 Conceptual 4-stage pipeline

Stage 1

Stage 2

Stage 3

Stage 4

Forward 
propagation

Back 
propagation Error calculation Weight Update

T=0 1 2 3 4 5 6 7 8 9 Cycle T

Forward

Mini-batch Inputs

 The number of pipeline divisions depends on the DNN models
 A worker keeps a single weight matrix

CNN
BN, ReLU
POOL

Pipeline
stage = P
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It can be said that the layer-block-wise pipeline has a concept of 
approximate computing instead of the naive SGD

 Pipeline have only one weight corresponding to the network model.
 Thus, the weights are updated with a latency of 2P−2S+1

due to the single weight parameter corresponding to the model.

Process flow of layer-block-wise pipeline

Stage 3

Pipeline
stage = P

Forward 
propagation

Back 
propagation Error calculation Weight Update

Stage 1

Stage 2

Stage 4

T=0 1 2 3 4 5 6 7 8 9 Cycle T

Weights update delay
= 2P-2S+1

Mini-batch Inputs

P = number of layer blocks, S = current pipeline stage, T = current cycle
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 When the four-stages pipeline
computation have wide variation

 How to align a computations or
memory size remains as an
issue to be tackled for a more
effective pipeline.

(b) VGG-F computation
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(a) VGG-F network w/ 4-stage pipeline

Forward
Backward
Memory

Partitioning for layer-block-wise pipeline (4)
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Hardware model evaluation
 4-th multithreaded w/ sheared bus connection

(b) Multithreaded architecture model

Parameter server

Weight parameter 
update & unification
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Memory bandwidth

memory

Processor

memory

Processor
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Worker for thread 3

memory

Processor

Param. sharing
W

Param. acquisition
dW

Weight unification
& update

Workers

 Each workers sends/receives W
and dW at every mini-batch step.

 Memory bandwidth of sheared 
bus communication will be worth.
= 243.4 x n MB

(a) Multithreaded data flow
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Hardware model evaluation

Backward 
dY data

Forward 
Y data
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19.2 MB 

5.9 MB 

5.9 MB 

5.5 MB 
5.5 MB 

5.5 MB 
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5.5 MB 

Input data
(mini-batch = 32)

(a) Pipelined data flow
(b) Pipelined architecture model

 Proposed pipeline communicate
only between two adjacent
workers.

 External data communication
depends on a transfer data size.

 Small transfer amount is helpful
to shorten computational time.

 4-stage pipeline w/ segmented bus structure
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Data transfer amount comparison

Our target BS
Conv. 1 2 4 8 16 32 64 128 256
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Batch size BS

103

102

101

100

10-1

36.3 MB/batch
17.0 MB/batch

With VGG-F network@ Parallelization = 4

Conv. Multi-thread = 970 x 2 MB/batch
(for data acquisition & Unification )

x2

Forward process
Backward process

 The memory bandwidth evaluation  with different mini batch size 
in layer-block-wise pipeline @ Parallelization = 4

The proposed pipeline reduce the memory bandwidth by 97.25% 
( this value will be	

.
) compared with 4-multithread, at BS = 32.
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Training convergences evaluation
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x3.5 speed up
between naive SGD and 4 pipeline SGD
@ miss rate comes to 75%. 

Naive (Original)
2 pipeline SGD
4 pipeline SGD
8 pipeline SGD

= Speed x 1.0
= Speed x 2.0
= Speed x 3.5
= Speed x 5.1

W/ VGG-F network @50,000 training images

Layer-block-wise pipeline is 2.0 times faster in the 2-stage pipeline, 
and is 3.5 times faster in the 4-stage pipeline.
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Convergence speed vs hardware cost

The layer-block-wise pipeline has 41% less memory when parallelization 
degree = 4, with better acceleration performance per memory capacity: 
2.25 GB for pipeline and 3.82 GB for multithread.
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Summary

 The layer-block-wise pipeline with segmented I/O bus
architecture is proposed.

 The proposed scheme suppresses transfer memory
bandwidth and memory capacity with maintaining
scalability of parallelism.

 The proposed pipeline reduces the memory
bandwidth by 97.25% ( this value will be / . )
compared with 4-multithread, at BS = 32.

 The memory capacity of the 4-stage pipeline is
reduced by 41% in comparison with multithreading
when a batch size is 32 in VGG-F.
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Cooperation with UGA

 In the field of hardware design

Hardware system  for machine learning

Low-power high-speed signal processor

Memory circuits (SRAM, MRAM, FeRAM)
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