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Computational Challenge in Machine Learning

21

Machine Learning growing in diverse applications
o Autonomous Driving, Face Recognition, Social Analysis...

Large amount of data and/or time constraint
o Computationally costly and challenging!




Convolutional Neural Network (CNN)
21

- Popular model for Visual and Speech Recognition
o Large amount of multiply-accumulate(MAC)

Fully Output Predictions
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Opportunities for Power Savings
ey
- Perfect for hardware acceleration
o A lot of MAC operations
o Parallel and regular structure

o Suitable for Approximate
Computing
o Inherent error in machine learning
o Applications can tolerate small errors

Google TPU Accelerator [1]

Page
Ranking Translate

o Approximate multiplier for the
CNN accelerator can reduce power VisualGo gle
consumption for datacenters and  Recognition  AlphaGo

embedded systems Services that use TPU

[1] Jouppi, Norman P, et al. "In-datacenter performance analysis of a tensor processing unit." Proceedings of the 44th Annual
International Symposium on Computer Architecture. ACM, 2017.
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Previous Approaches
N E

o Approximations based on

logic bit flips demonstrated

significant resource reduction, but not scalable [1,2]
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C. (2014). Leveraging the error resilience of machine-learning

applications for designing highly energy efficient accelerators. Proceedings of the Asia and South Pacific Design Automation

Conference, ASP-DAC, 201-206.
[2] Mrazek, V., Sarwar, S. S., Sekanina, L., Vasicek, Z., & Roy, K. (

2016). Design of power-efficient approximate multipliers for

approximate artificial neural networks. Proceedings of the 35th International Conference on Computer-Aided Design - ICCAD 16




Previous Approaches
2

o Approximations based on algorithms are scalable, but
had shown inefficiency or CNN performance
degradation [1,2]
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Approximate Log Multiplication

21

Based on the approximate logarithm
Reduces logarithm to LOD and Shifter operations

N (binary)
5
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Mitchell, J. N. (1962). Computer Multiplication and Division Using Binary Logarithms. Electronic Computers, IRE Transactions on, EC-
11(4), 512-517. http://doi.org/10.1109/TEC.1962.5219391



Approximate Log Multiplication

Multiplication — Addition in Log Domain
Worst case relative error = 11.1%
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Mitchell Log Multiplier

Logic optimization of LOD and
ENC

o Fast and efficient fully parallel LOD
o OR-Tree encoder

Shift amount calculation
o (n-k-1) = not(k) when n is a power of 2

Miog(n),j+1 * Zj j<n-1

4-bit parallel LOD
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Mitchell Decoder

Two cases for decoding J}Iogm
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Zero Detection Unit

21

Critical to CNN accuracy [1]

Output error of neurons in the hidden layer

¥ V3 _ a_enc A[0] b_enc B[0]
_-:'.: - log(n) Iog{n]_»l"__l_
e "t log(n)+1 log(n)+1 4
Vgt RS | [ OR-Tree ] [ OR-Tree ]

0 1o 20 30 40 50 &0 FO BO BU Wooe 10 20 50 &0 O BO 90 100
Neuron Neumn

=
o
*

[=]
F=9
Absolute error

[=]
(5]

N

2n

—10 -5

[1] Mrazek, V., Sarwar, S. S., Sekanina, L., Vasicek, Z., & Roy, K. (2016). Design of power-efficient approximate multipliers for approximate
artificial neural networks. Proceedings of the 35th International Conference on Computer-Aided Design - ICCAD ’16, 1-7.



Power and Area Savings
Synthesis using Synopsys Design Compiler
o 32nm tech library from Synopsys
o 250 MHz Clock

Up to 76.6% Power Savings at 32 bits
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Accuracy Evaluation on CNNSs

Caffe’s floating-point matrix
C a e multiplication replaced by

Fixed-point C++ Subroutines

Berkley Vision and Learning Cent

MNIST LeNet Convolution — Pooling —

Handwritten Digit Convolution — Pooling —

Recognition FC - RelLU — EC

CIFAR-10 Cuda- Convolution — Pooling — ReLU — LRN —

Object convnet Convolution - ReLU — Pooling — LRN —
Recognition Convolution — ReLU — Pooling — FC

data



CNN Top-1 Accuracy Comparison
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CNN Top-1 Accuracy Comparison

Top-1 accuracies with 10 integer bits and 22 fractional bits

Dataset Reference | Our Design Exact lterative
Floating- Fixed-point | Logarithm
point (2 stage)

MNIST 99.02 % 99.02 % 99.02 % 99.02 %

CIFAR 08 81.43 % 81.43 % 81.89 % 81.71 %

Our design shows no performance degradation for MNIST
and CIFAR-10 datasets

In CNNs, the error associated with approximate multipliers
can sometimes help produce correct predictions

Correct zero handling is very important for CNNs
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Conclusion
Optimized Mitchell Log Multiplier for CNN Inference

Significant power reduction expected at little to no
degradation in CNN inference performance

More scalable than the gate-level approximation

Better power savings or CNN accuracy compared to the
state-of-the-art algorithmic approximations
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Backup: Comparison of LOD
Previous Approach 514131
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