
Neural Computer Architectures 

 Accelerating Deep Learning Applications 

 

 

By:  Maurice Peemen 

Date: 31-5-2017 

 

 



Background Maurice 
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• Improving the Efficiency of Deep Convolutional Networks 
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• Electron Microscopy Imaging Challenges 
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Biological Neural Networks 
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Perceptron Model (1957) 

• Feed forward processing 

• Tuning the weights by learning 

• Non-linear separability (1969) 
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Multi Layer Perceptron (1979) 

• Training is done by error back-propagation 
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Optimization Through Gradient Descent (1) 

• Collect annotated data 

• Define model and initialize randomly 

• Predict based on current model 

• In neural network jargon “forward propagation” 

• Evaluate predictions 
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Optimization Through Gradient Descent (2) 

• Use the derivative of the error to optimize: 

 

• The most important component is the gradient 

• Then update the parameters in the negative direction 

of the gradient 
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Optimization Through Gradient Descent (3) 

• Follow the path towards local minima in the parameter space 

• Stochastic Gradient Descent 

• Every random sample update the parameter space 
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Generalization 

• Take an abstract representation 

• Add details 

• Add to many details 

• A common problem in Machine Learning problems 
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Data is Everywhere 
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Large Scale Visual Recognition Challenge 

•                           2012 Classification 

• Many training samples: 1,281,167 

• Large number of classes:  1000 

 

 

 

 

 

 

• ImageNet 2013  

• Complete top 10 used Deep Nets 
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Submission Method Error Rate 

SuperVision Convolutional Net 0.164 

ISI 
Other stuff… 
(SIFT, SVMs) 

0.262 

XRCE/INRIA 0.271 

OXFORD_VGG 0.273 

9.8% 

1.2% 



The Hype Curve of Neural Networks  

 

14 

7-6-2017 

level of 
interest

time

Perceptron
1957

Non-Linear 
Separability

1969

Multi Layer 
Perceptron

1979

SVM
1998

2006

Today



Deep Big Neural Networks 

• Deep Big Neural networks outperform SVM 

• Complex models with over 10 billion parameters 

• Unreasonably effective at classification tasks 

 

 

 

• ≥ 5 layers 

• 1000s of nodes 

• connection constraints 
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The unreasonable effectiveness of deep networks 

• Big data everywhere 

• Google, Facebook, Amazon 

• NSA, Government, Banks 

• Moore’s law 
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Bigger = Better 



Example of a large network trained by Google 

• 10 Billion free parameters 

• Trained on many millions of YouTube videos 
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Performance scaling is slowing down 
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Convergence of different domains 
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Classification: Face detection 
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Intelligent Vision Applications 

• Emerging field of research 

• Applications in many domains 

• Examples: Security, Industrial, Medical, Automotive 
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Classical recognition systems are stupid 

• Design is based on knowledge of the task 

• Carefully tuned pipeline of algorithms 

• Really complex for real world problems 

• Design must be redone if the task changes 
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• Focus on data instead of algorithm complexity 

• Pre-process data to generate more examples 

• Use a test set to verify generalization 

 

 

Train a Neural Network for the task 
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Background images hard to suppress Random background image patches



Biologically inspired object recognition 

• Convolutional Neural Network 

• A deep and big neural network 
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Detection and Recognition Application 
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Speed Sign Detection and Recognition 
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• Extend existing trained network 

• Add new road signs and restart training  

• New weight file is new functionality 

• Send new weight file to users (100 KB) 

 

 

Advantage of flexibility 
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Major road detection 
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What can these NN further do 
30 

7-6-2017 

Classification Approximation 

Optimization Clustering 



Function Approximation 

• Stock market prediction: Black Scholes 
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Placement Optimization 

• Chip routing: Canneal 

• Minimize wire length 

• Hopfield Neural Network 
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Technology Constraints 

• Dark Silicon 

• Defect tolerance 
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Dark Silicon 

• What to do with chips that are too hot? 

• Reduce clock frequency 

• Go multi-core 

• If chip is still too hot? 

• Turn parts of the chip off! 

• Generates Dark Silicon 
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Energy Efficiency 
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Super Computer (K computer, Fujitsu) 

8.2 billion Megaflops => 9.9 million watts 

 ~ 800 Megaflops / watt 

Human Brain 

2.2 billion Megaops => 20 watts 

 ~ 110 Teraops / watt 

iPad 2 

170 Megaflops => 2.5 watts 

 ~ 68 Megaflops / watt 



Toward Heterogeneous Systems 
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• Efficient accelerators 

 

• Multi-purpose ASICs 

 

• ANN is a candidate 

• Flexible functionality 

• State-of-the-art results 

• Parallelism 



Developing ANN Accelerators 

for i = 1:N 

  Y[i] = Bias[i]  

  for k = 1:K 

    Y[i] += X[k] * W[i][k] 

  Y[i] = Sigmoid(Y[i]) 
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Time-Multiplexed Accelerator 
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  Y[i] = Bias[i]  
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• Load Bias 

• X[1:N] = 1 

• W[i][1] = Bias[i] 

• Perform MACC 

• Sigmoid 

• Approximate 
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Analog Intel ETANN 1990 

• Electrically Trainable Analog Neural Network 
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Digital Implementation 

• Sigmoid Function 

• Look Up Table 

• Use linear approximation 

 

 

 

• SIMD Multiply Accumulate 
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SIMD design Adaptive Solutions N64000 
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Conversion to vector operations 
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Systolic Matrix Multiplication 

• Siemens MA16 

• High efficiency 

• Low flexibility 
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An example research accelerator 
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Systolic 2D Convolution 
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Convolutional Neural Network 

• Data reuse 
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Reduce Memory Accesses 

• Configurable Number of Input Maps 

• Configurable Number of Output Maps 
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Is it worth the effort? 

 

 

 

 

 

 

 

• More important the energy efficiency 
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More Flexibility and Better Memory Behaviour? 
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The performance bottleneck 

• Huge data transfer requirements (3.4 billion per layer) 

• Exploit data reuse with local memories 
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Accelerator Template 

• FPGA prototyping platform: Xilinx Virtex 6 

• Designed with Vivado High Level Synthesis (HLS) 
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Programmable Buffers 
53 

7-6-2017 

out-img BRAM

X0 BRAM

X1 BRAM

X2 BRAM

X3 BRAM PE
PE
PE
PE

ro
ta

te

addr select rd

addr select wr

d
em

u
x

weight BRAM

addr select wr

addr select rd
si

gm
o

id
 L

U
T

m
u

x
addr select rd/wr

Output 
FSLs

Input 
FSLs

Image

Coefficients



x00, x01, x02, x03

x02, x03, x04, x05

x00

x01

x02

x03

x04

x05

x06

x07

x08

x09

- -

- -

x10

x11

x12

x13

x14

x15

x16

x17

x18

x19

- -

- -

x50

x51

x52

x53

x54

x55

x56

x57

x58

x59

- -
- -

x01, x02, x03, x04

x03, x04, x05, x06

x04, x05, x06, x07

x10, x11, x12, x13

00 01 02 -- 81 82 83 --
buffer address

 

x00

x01

x02

x03

x04

x05

x06

x07

x08

x09

- -

- -

x10

x11

x12

x13

x14

x15

x16

x17

x18

x19

- -

- -

00 01 02 -- 81 82 83 --
buffer address

x00, x01, x02, x03

x00

x01

x02

x03

x04

x05

x06

x07

x08

x09

- -

- -

x10

x11

x12

x13

x14

x15

x16

x17

x18

x19

- -

- -

00 01 02 -- 81 82 83 --
buffer address

x00, x01, x02, x03

x02, x03, x04, x05

x00

x01

x02

x03

x04

x05

x06

x07

x08

x09

- -

- -

x10

x11

x12

x13

x14

x15

x16

x17

x18

x19

- -

- -

x01, x02, x03, x04

x03, x04, x05, x06

x04, x05, x06, x07

x10, x11, x12, x13

00 01 02 -- 81 82 83 --
buffer address

Programmable Buffers 
54 

7-6-2017 

out-img BRAM

X0 BRAM

X1 BRAM

X2 BRAM

X3 BRAM PE
PE
PE
PE

ro
ta

te

addr select rd

addr select wr

d
em

u
x

weight BRAM

addr select wr

addr select rd
si

gm
o

id
 L

U
T

m
u

x
addr select rd/wr

Output 
FSLs

Input 
FSLs



What would be the best compute order? 

• Small memories have low energy per access 

• Area and Latency advantage 

• Big memories can exploit more data reuse 
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Improve by locality driven synthesis 

• Loop Transformations 

• Interchange 

• Tiling 

• Reduce reuse distance 

 

• A huge design space! 

 

• Use a framework with: 

• Reuse detection 

• Model utilized reuse 

• Model required buffer size 

• Optimize for buffer size 
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Compared to manually optimized order 

• Up to 13x resource reduction 

• Up to 11x performance increase 
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Memory bandwidth requirements? 

• Data layout transformation 

• Bandwidth up to 150 MB/s 

• Better than an optimized Intel implementation 
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What do we achieve? 

 

• Small but flexible accelerators 

• Up to 13x smaller 

• Up to 11x faster 

 

• XPower Analyzer 4.5 Watt 

• External RAM 0.5 Watt 
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State-of-the-art accelerator 

• Split buffers for BW 

• Partial layer 

• Fetch input neurons 

• Fetch synapses 
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State-of-the-art accelerator 

• Multiply 

• Sum neurons inputs 

• Backup partial sums 
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NVE Operation 
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VLIW Programming Model 

• 3x3 Convolution filter 

• Software Pipelining 

• Steady state 10 cycles 

• 16 neighboring 3x3 convolutions 

• 144 Multiply Accumulate ops 

• Code reuse with instruction buffer 
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Are You With Me? 

• 3x3 Convolution 20 lines of code 

 

• Neural layer ~400 lines 

 

• Expert programmer 

• 5 hours of coding per layer 

• Impossible for other users 
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• Abstract from the hardware 

Custom Compiler  
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What do we gain? 
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• ~ 20x speedup vs ARM A9 

• ~ 1.2x speedup vs embedded GPU 

• Ultra-low power 100mW 

 



Convergence of different domains 
69 

7-6-2017 

Neurobiology 
Applications 

Technology 

Constraints 

Innovations 

Neuromorphic 

Machine Learning 

//upload.wikimedia.org/wikipedia/en/9/9f/Memristor.jpg


Convergence of different domains 
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Size 

• Digital CMOS 

• Technology available 

• Implementation of useful accelerators 

• Not dense enough for largest bio-inspired networks 

• Analog 

• Much more dense implementation 

• Recall Biological Neuron 
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Analog Spiking Neurons 

• Kirchhoff’s law 

• Capacitive integration 

• Leakage 
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

~14 transistors 



Architecture Facets Project 

• Facets 

• Integrate & Fire 

• 250000 neurons wafer 

• 60 million synapses 

• Most area used for synapses 

• Storage of connection strength 

• Interconnect 2-D 
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Convergence of different domains 
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Synapses as Memristors from Intel  

 

 

 

• Memristor can be used as switch 

• Also analog storage of memristance 
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Beyond Silicon  

• Infineon NeuroChip  

• Directly uses biological networks 

• Difficult to connect to other devices 
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Convergence of different domains 
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