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s~ Scaling kernel machine learning algorithm via the use of GPUs
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Kernel Density Estimation Ranking

* |n information retrieval, a ranking function f maps a pair
of data-points to a score value, which can be sorted for
ranking (according to their relevance), ex. search engines.

 |n [5], the authors maximize the generalized Wilcoxon-
Mann-Whitney (WMW) statistic non-linear conjugate
gradient approach to learn the ranking function.

* Non-parametric way of estimating probability density
function of a random variable [1]
* Density,
 Two popular kernels: Gaussian and Epanechnikov
e Obtained speed up of ¥450X on the data from [2]

Gaussian kernel - 450X speedup

* A class of robust non-parametric learning methods

* Involves a definition for a “kernel function” [1]

|12
— Ex. Gaussian kerneI:k(Xl,fliz):SX@XP (‘"wlh?" )

e Learning methods based on kernels involves

— A weighted summation of kernel functions (K(x,x.))

Epanechnikov kernel - 550X speedup
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"N k(i z) ? I e A rp—— e The formulation simplifies to summation of erfc
— Solution of linear system based on kernel matrices —o—GPU|; —o— GPUJ; function, applied proposed approach here.
* Scales O(N?) or O(N?) in time ol ol e Result with standard datasets in [4]
e O(N2)in memory § | 0 | e California Housing, d=9, N=20640
e Objective: Use GPU to accelerate kernel machine e _ i ’ GPL_J Time: 1.84s (Time taken by [5]: 45.2s)
learning approaches A | * MachineCpu, d=22, N=8192
E _ e GPU Time: 0.53s (Time taken by [5]: 4.08s)
) ) 6 3 e Note: The algorithm in [5] is a linear algorithm, ours is a
o 10 ¢ a0 10 10° guadratic time complexity, still our approach outperforms

Size of data Size of data

Proposed acceleration approach [5] for large datasets

Gaussian Process Regression

* Linear systems of kernel matrices can be solved
using iterative methods like Conjugate Gradient

Comparison with FIGTREE [6]

e Each iteration will now involve a weighted kernel
summation

 Approach to accelerate kernel sums of the form,
Ti—Y; 2 .
G(y;) = Yivs gs exp (—" il ),J =1,....,.M

* Non-parametric robust regression [3]
* Given training data {x,yJ, i=1,..N, test data {x",y"}
j=1,..,M, predictions at x’s is given by

y*=K(x*x) x K(x,x)* x y
* Time complexity: O(N°), Space complexity O(N-)

FIGTREE vs Gaussian kernel on a GPU
for dimension = 3, bandwidth=1.0

* FIGTREE is a linear algorithmto
accelerate Gaussian kernel
summation i

e For a 3-dimensional data, the i

e Assign each thread to evaluates the sum
corresponding to oney,

linear approach outperforms
our quadratic approach only

e Time complexity reduced to O(kN?) using Conjugate

_|_GF'U ]
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* Steps: Gradient, further accelerated using the proposed approach o . e |
1. Load yj corresponding to the current thread in to a , Performance of Gaussian process regression on a 3-d data beyond a datasize of 100’000 S
local register. 10 ¢ ——— ———
2. Load the first block of x. to the shared memory : — CPU |7 Available as an open source: www.umiacs.umd.edu/~balajiv/GPUML.htm
. | | . o 101 i o GPU |
3. Evaluate part of kernel sum corresponding to x;’s in the s References:
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