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Approximate K-Means Clustering • W = 16 bits, accuracy = 10 -4 • No major (visible) difference with reference

• 64-bit FPU: 20pJ/op • 32-bit addition: 0.05pJ • 16-bit multiply: 0.25pJ

• Wire energy -240fJ/bit/mm per ⇵ -32 bits: 40pJ/word/mm -8 bits: 10pJ/word/mm 50 pJ (8 kB SRAM)

• Memory/Register-File -Depends on word-length [Adapted from Dally, IPDPS '11] Energy strongly depends on data representation and size Approximate Computing

• Play with number representations to reduce energy and increase execution speed while keeping accuracy in acceptable limits subtraction and multiplication were tested on each of these precisions. The results of the comparative studies for 16-bit (resp. 32-bit) addition/subtraction (resp. multiplication) are given in Tables 5.2, 5.4, 5.3 and 5.5. The two last lines of the tables refer to the relative performance of ct_float towards ac_float (resp. FloPoCo) (e.g., ct_float area is 2.15% higher than ac_float). FxP vs. FlP: Adders FxP vs. FlP: Multipliers • Fixed-width multipliers SUMMAND GRID P 0,8 P 0,7 P 0,6 P 0,5 P 0,4 P 0,2 P 0,2 P 0,1 P 0,0 P 1,8 P 1,7 P 1,6 P 1,5 P 1,4 P 1,3 P 1,2 P 1,1 P 1,0 P 2,8 P 2,7 P 2,6 P 2,5 P 2,4 P 2,3 P 2,2 P 2,1 P 2,0 P 3,8 P 3,7 P 3,6 P 3,5 P 3,4 P 3,3 P 3,2 P 3,1 P 3,0

Area (µm

• FxP N -Fixed-Point -N bits • FlT N (E) -Floating-Point -N bits -Exponent E bits
• FxP N -Fixed-Point -N bits • FlT N (E) -Floating-Point -N bits -Exponent E bits
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K-Means Clustering

• Data mining, image classification, etc. • A multidimensional space is organized as:

k clusters S i , -S i defined by its centroid µ i

• Finding the set of clusters satisfying is NP-hard what could be expected in a more general purpose.

II. K-MEANS CLUSTERING ALGORITHM

This section describes the K-means clustering a First, the principle of K-means method is described. specific algorithm used in this case study is detailed

A. K-Means Clustering Principle

K-means clustering is a well-known method for vec tization, which is mainly used in data mining, e.g. classification or voice identification. It consists in o a multidimensional space into a given number of each being totally defined by its centroid. A given the space belongs to the cluster in which it is nea the centroid. The clustering is optimal when the su distances of all points to the centroids of the clu belong to is minimal, which corresponds to findin of clusters

S = {S i } i2[0,k 1] satisfying arg min S k X i=1 X x2S i kx µ i k 2 ,
where µ i is the centroid of cluster S i . Finding the regarding FxP representation in this case study and closes with what could be expected in a more general purpose.

II. K-MEANS CLUSTERING ALGORITHM

This section describes the K-means clustering algorithm. First, the principle of K-means method is described. Then, the specific algorithm used in this case study is detailed.

A. K-Means Clustering Principle

K-means clustering is a well-known method for vector quantization, which is mainly used in data mining, e.g. in image classification or voice identification. It consists in organizing a multidimensional space into a given number of clusters, each being totally defined by its centroid. A given vector in the space belongs to the cluster in which it is nearest from the centroid. The clustering is optimal when the sum of the distances of all points to the centroids of the cluster they belong to is minimal, which corresponds to finding the set of clusters

S = {S i } i2[0,k 1] satisfying arg min S k X i=1 X x2S i kx µ i k 2 , ( 1 
)
where µ i is the centroid of cluster S i . Finding the optimal centroids position of a vector set is mathematically NP-hard. 

-••

  Relaxing the need for fully precise operations • Trade quality against performance/energy -Design-time/run-time• Different levels -Operators/functions/algorithms Motivations for approximate computing • Number representations • Approximate operators or careful rounding? • Operator-level support for approximate computing • Stochastic computing • Conclusions Outline • Motivations for approximate computing • Number representations -Fixed-Point -Floating-Point -Customizing Arithmetic Operators -ApxPerf Framework • Approximate operators or careful rounding? • Operator-level support for approximate computing • Stochastic computing • Conclusions Number Representation• Floating-Point (FlP) s: sign, m: mantissa, e: exponent -Easy to use -High dynamic range -IEEE 754 • Fixed-Point (FxP) p: integer, K=2 -n : fixed scale factor -Integer arithmetic -Efficient operators • Speed, power, cost -Hard to use... x = p ⇥ K Integer part: m bits Fractional part: n bits M. Muller et al., Handbook of Floating-point arithmetic, Springer, 2009. Minimize word-length W=E+M+1 • Determine exponent and mantissa (and bias) • Error is relative to number value Custom-FlP C++ Library • ct_float: a Custom Floating-Point C++ Library -Operator simulation and (High-Level) synthesis -Templated C++ class
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 1 Fig. 1: 2-D K-me

[O. Temam, ISCA10] 

• Correlated inputs reduces complexity of SNG • Correlation can be exploited wisely

Energy-Accuracy Trade-offs 

Error Estimation

Error metrics Fig. 3: ApxPerf2.0 framework estimated using detailed power results given by PrimeTime at gate level. Given the critical path of the design T c and the clock period T clk , only the energy spent before stabilization is extracted, which allows to have an energy per operation independent of the clock period.

In this section, 8-, 10-, 12-, 14-and 16-bit fixed-width operators are compared. For each of these bit-widths, several -Fully automated -Generates delay, area, and power results -Extract error metrics ... p is coded as a finite sequence of independent random variables x i ∈ {0, 1}, with P(

Complexity of Deep CNNs

Numerical Accuracy of SNs 

Numerical Accuracy of SNs Basic Arithmetic Operators

• Addition (stochastic weighted summer)

• Stochastic Number Generation -E.g.

Random Number Generator

Comparator 0,0,1,1,1,0

Random Bit Stream Error Tolerance 

Conclusion (SC)

• SC provides massive low area, parallelism, error tolerance • Only suitable for low-precision • High processing latency