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ABSTRACT the random variable corresponding to #i& sample of the subset

. . . such thatX; is 1 if a desired property is satisfied otherwise. IfK
Summation of functions ofV source points evaluated At tar- is the size of the subset, then it is desired that,

get points occurs commonly in many applications. To scale these
approaches for large datasets, many fast algorithms have been pro- { > X
T
K

posed. In this technical report, we propose a Chernoff bound based
efficient approach to test the performance of a fast summation algo-
rithms providing a probabilistic accuracy. We further validate andwhere is the number of datapoints satisfying the desired property
use our approach in separate comparisons. in the original dataset. Let us deno%e asp and)_, X; asY’, thus

Eq. 3 can be rewritten as,

S T ©

1. INTRODUCTION

> €:| = Pr[lY — Kp| > K¢|
There are a number of applications where summation of source ker-
nels at a number of target points need to evaluated. These computa- = PrlY > Kp+ K¢
tions have quadratic complexity (¢)) thus hindering its scalabil- +Pr|Y < Kp— K¢ 4
ity to large datasets. Fast algorithms and parallelization address this . i
issue, but however, they come with a error bound. However to test® Summarize, we want to seleht sized subset from a large data,
these error bounds for larger data, it is not possible to evaluate tH&Ch that, ifA/ points of the V' total points in the full data have
direct approach for larger datasets. To overcome this, we propogkCertain property, the property is preserved by a certain nuiber
a random sampling approach using which evaluate the error only &0iNts in the subset, such thgt = 7 with high probability given
K evaluation points. We derive a bound to the sample &izeom ~ PY Ed. 4.
Chernoff bounds for a desired accuracy.

In section 2 we show the Chernoff bound for a random variable3.1. Adaptation

X W't.h meany.. In section 3 we derive a bound for _sampllng by Before applying the Chernoff bound here, we adapt this to the prob-
adapting it to evaluate the performance of a summation algorlthm§ém of testing a summation algorithm. The summation algorithm

In section 4, we validate the proposed approach with a popular SUNIould give the sum at evaluation points in an efficient fashion. We
mation algorithm, Improved Fast Gauss Transform and then extenWant tgtest the accuracy of th frft aloorithm. So we shall .m |
it to a parallel algorithm for Gaussian summation. We conclude the - . y ot Ihe fast algo - >0 We shall sample
paper in section 5 eyaluatlon points aF randoii’ points and would evaluate the sum
directly at these points. We would then check the accuracy with re-
spect to the fast algorithm to be tested. We expect the error evaluated
2. CHERNOFF BOUNDS at all K points to be below a certain threshold.
) ) Let us assume that the fast algorithm assures an error bound of
Chernoff bound gives the upper tail bouf([.X > 1(1 +d)])and | et us define the property that we shall look for in the data as the

lower tail bound @r[X < u(1—4)]). The upper tail bound is  error between the direct and fast approach. Because the algo-

given by, rithm assures such an error bound, thie Eq. 4 is1. The expected
s u number of the points in the subset that will hold the error property is
PriX>u(l+6)] = ¢ K, thusp = K. Applying Chernoff bound and substituting= 1
(1+46)0+ inE
g. 4,
< T ()
Similarly, the lower tail bound can be given by, PriY>K(l+¢]+ Pr [Y<K(1-¢)]
< Ke2 /2
PriX < p(l—8)] <e /2 2 s Ote
H < €KE2/2 < 6
Egs 1 and 2 gives the Chernoff bound. 9 /1
€

3. SAMPLING PROBLEM
Thus, setting the parameter,g andg, we can choos& points
The goal in sampling is to select a subset of the original data at ranuniformly at random from the original data set, evaluate the sum
dom. Let us analyze the property of the resulting subsetXlebe  directly and test for the desired error bound. If all the points satisfy
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Fig. 1. Variation of the size of the sample set witand §

the required error boung algorithm can be declared accurate within
confidence intervad and probabilityl — §.

Figure 1 and Table 1 show the size of sample set for various va
ues ofe andé. It can be seen that for guaranteeing that at le@%t

Table 1. Value of the sample set size, for various valsesidd

Graphics processor based algorithm:Graphics processing units
(GPU) are highly capable set of data-parallel processors and are
evolving in to highly capable compute coprocessors. Many algo-
rithms have been accelerated using this latest trend. In a graphics
processor, floating point operations are cheaper than double preci-
sion operations, hence most of the algorithms on a GPU use floating
point operations. However, this results in lesser accuracy than the
corresponding CPU versions, which use double precision operations.
In this experiment, we evaluate the accuracy of a GPU-based
floating point algorithm, by comparing it with the corresponding
direct-double-precision version. We evaluated the sur0of00
Gaussian kernels far0, 000 points. We used our approach to pro-
Vvide a bound for the relative absolute error. The faster GPU version

was used to evaluate the summation in a parallel fashion. The direct

of the computations by the fast algorithms lies within the declareoCPU approach was usedB952 points and the relative absolute er-

error bounds with a confidence 0$0%, we need to check at least
600 samples.

4. EXPERIMENTS

ror was evaluated at these points. It was found that all the error were
less thanl0~>. Our approach would result in the claim that at least
95% of the samples have a relative error10~° with probability
0.95. To further test our claim, we evaluated the relative error at all
points and found that in fact00% of the samples have a relative
error< 107°.

In this section we first test the proposed algorithm with a popular
Gaussian summation algorithm, Improved Fast Gauss Transform
(IFGT) [1]. We further extend our approach to provide a probabilis-
tic bound for a GPU-accelerated algorithm.

5. CONCLUSION

In this report, we have explored the use of random sampling with the
IFGT: IFGT is a popular algorithm which provides a linear acceler-&id 0f Chemnoff bound to come up with a size of the subset which can
ation for Gaussian summations of the form, guarantee a desired property with a confidence and probability, that
can be used to test the performance of a fast summation algorithm.
N llzi — ;]2 Although the size of< for a reasonableandé might be large that it
fi= Z qi €Xp <‘T> (6) cannot be used with smaller data sizes, it will be handy for very large
i=1 data sizes. Our approach was further validated to provide bounds for
It is evident that the direct summation takesNd(. The IFGT al- the performance of Improved fast Gauss transform [1] and a GPU
gorithm provides a loose error bound. We evaluated the summatiop@sed Gauss transform.
of 100,000 Gaussian kernels at00, 000 points. The supplied a
required error bound afo—%. We evaluated the direct suma952 6. REFERENCES
points fore = 0.05 andd = 0.05. We observed that the error of
the Gaussian summation evaluated at the randomly chosen samplg] V. C. Raykar and R. Duraiswami, “The improved fast Gauss
points was less thah0~%. Thus according to our algorithm, the transform with applications to machine learning,” limrge
error bound isl0~® for 95% of the samples with a high probability Scale Kernel Machine4.. Bottou et al., Eds., MIT Press, 175-
of 0.95. This is in conjunction with the results in [1], thus validating 201, 2007.
our approach.



