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IP Generator for Sorting Networks

http://www.spiral.net/hardware/sort/sort.html

parameter value explanation
. pecification V
input set size | 64 a) number of samples to sort (?)
data type | fixed point S fixed or floating point (?)
16 bits fixed point precision (?)
ontrolllng implementation
architecture | SN1 % | , sorting network algorithm (?)
o
streaming width [2 32| number of samples per cycle (?)
iterative reuse | fully streaming * | iterative or fully streaming (?)
BRAM budget 1000 maximum # of BRAMs to utilize (-1 for no limit)
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Exploring the Design Space
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Goal
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Goal

Sample as few designs as possible
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Goal

Sample as few designs as possible to predict Pareto optimal designs
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Running the Algorithm
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Running the Algorithm
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Running the Algorithm
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Running the Algorithm
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Running the Algorithm

Evaluating the sample
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Running the Algorithm
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Running the Algorithm
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Running the Algorithm

Reducing training cost
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Running the Algorithm

Termination: all points classified
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The PAL Algorithm

Input: design space E; GP prior po,i,00,k; forall 1 <17 <
n; e By fort € N
Output predicted-Pareto set P
: Py =10, No =0,Up = F {classification sets}
: So=10 {evaluated set}
: Ro(x) =R" forallx € £
:t=0
: repeat

Modeling
Obtain p,(x) and o¢(x) for all x € E

{p,(x) =y(x) and o(x) = 0 for all x € S;}
Ri(x) = Ri—1(x) NQu, 0.8, () for all x € E
{ C’lassiﬁcatz’on]

Po=Pi_1, Nt = N1, Uy = U
for all x € U; do
if there is no x’ # x such that min(R:(x)) + € <
max(R:(x')) — € then
Pt Pt U {a:} Ut Ut \ {:13}
else if there exists ' # x such that
max(R:(x)) — € X max(R¢(x')) + € then
Ny = Ny U {IB}, U = U, \ {3’3}
end if
end for
Sampling
Find w(x) for all x € (U, U P;) \ Sy
Choose i11 = argmax, ¢ ,up, )\ s, 1w (T)
t=t+1
: >~ Sample y,(x:) = f(x:) + vy
23: until U; =0
24: P = Pt




Theoretical Guarantee

Given a target error 1,
PAL is guaranteed to stop
in less than T iterations:

Theorem 1. Let § € (0,1). Running PAL with
B; = 2log(n|E|n%t?/(60)), the following holds with
probability 1 — 9.

To achieve a mazximum hypervolume error of n, it is
sufficient to choose

n(n —1)!
2nan—1 "’

where a = MaXgep 1<i<ni/Pirki(x, )}

In this case, the algorithm terminates after at most T’
iterations, where T' is the smallest number satisfying

€E =

Here, C; = 8/log(1 — 072), and ~yr depends on the
type of kernel used.
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Experiments

Results and comparison with ParEGO
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Conclusions

SPIRAL <

Machine learning technique to

predict Pareto optimal solutions

*

*
*
*

Gaussian process modeling

Few evalutations: “smart” sampling
Stopping criteria

Convergence guarantees
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More machine learning algorithms and IP
genarators at http://www.spiral.net/
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