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from sklearn import tree

c = tree.DecisionTreeClassifier()
c.fit(X, y)
y_hew = c.predict(X_new)

Jurassic World . 0.5 8345

Walking Dead 1 0 20
SEAL Team 0 0 10
X
Get Shorty 0 0.7 4
X_new

y_hew



CPU vs GPU decision



FLOPs per Clock Cycle

Theoretical Peak Floating Point Operations per Clock Cycle, Double Precision

104 X T T T T E
: : : : o 1a®
: : : R
: : : e @@ ((.\(e?
| 1 1 Q (2, \ ~
' ' FUSIR > &
| | e ¢ AN
5 5 Qe DS A
) S S NN - — ot e ]
10 i 6%1_ \5\9 ) \,\0 . (,/6 o 3e !
- WO R 2" Xeon Phi 7120 (KNC) :
N | R : :
! 1 0 ) ' '
N o . : .
o !
| B
| g\‘ y
10 ' ! / @
30 ! ! .
® : (es® :
2 ' '
1 0 ------------ P A I I I I IR G i A I I I
\O AS : : .
@c)\z,c’ «6%\ © ! INTEL Xeon CPUs gl |
5 5 NVIDIA Tesla GPUs —{ill—
! ' gg ' 7
A A s S : AMD Radeon GPUs —{)—
*6&67' *6;9@ & : ; INTEL Xeon Phis =g
1 01 1 1 1 1 1
2008 2010 2012 2014 2016

End of Year



CPU

-i Copy processing data

(Instruct the processing)

>
Execute parallel
in each core




Execution Time (ms)
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integral program - CPU vs GPU on EminiumGPU

s

—6— Java (CPU)

-8-  AeminiumGPU o ©°

5 O
0 Doommm O o00omo O OoComm 8@@9]]]1113 o o oo

e

O 0 ©

o) © O(Ij:@

I I I
1e+02 1e+04 1e+06

Data Size (bytes)




Name Size | C/R | Description
OuterAccess 3 C Global GPU memory read.
InnerAccess 3 C Local (thread-group) memory read. This area of the memory is faster than the global one.
ConstantAccess 3 C Constant (read-only) memory read. This memory is faster on some GPU models.
OuterWrite 3 C Write in global memory.
InnerWrite 3 C Write in local memory, which is also faster than in global.
BasicOps 3 C Simplest and fastest instructions. Include arithmetic, logical and binary operators.
TrigFuns 3 C Trigonometric functions, including sin, cos, tan, asin, acos and atan.
PowFuns 3 C | pow, log and sqgrt functions
CmpFuns 3 C max and min functions
Branches 3 C Number of possible branching instructions such as for, if and whiles
DataTo 1 R Size of input data transferred to the GPU in bytes.
DataFrom 1 R Size of output data transferred from the GPU in bytes.
ProgType 1 R One of the following values: Map, Reduce, PartialReduce or MapReduce, which are the

different types of operations supported by AminiumGPU.
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Runtime cut-off
algorithm decision
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int f(int n)
if (RuntimeManager.shouldSeq())
return Jjpar_sequential_version_of_f (n);

if (n < 2) {
return n;
}
Future<Integer> b_tmp = new Future<Integer>(task -> f£(n-2));
Future<Integer> a_tmp = new Future<Integer>(task —-> f(n-1));
int a = a_tmp.get ();
int b = b_tmp.get () ;
return a + b;



The No Free Lunch Theorem for
Cut-off Algorithms

lower bound mean upper bound

cut-off algorithm

atc2l12 4.808 5.923 5.615
loadbased 4.808  4.962 5.308
maxlevell2 4.577  4.231 5.000
maxtasks2 4.038 4.154 4.077
maxtasks2ss16 4.654 4.154 4.154
maxtasksing2 4.462  4.000 4.269
stacksizel6 5.385  5.038 4.577
surplus3 4.500 4.269 4.231

Ranking of Cut-off Algorithms across different programs



Genetic Algorithm

parallelize if: Var1 < Threshold: T1 Varz < Thresholdz T2 Vars < Thresholds

Gene Description

vari One of 11 options in Table 1
threshold; Integer between 0 and 100
T1 and or or binary operators
vars One of 11 options in Table 1
thresholds Integer between 0 and 100
T2 and or or binary operators
vars One of 11 options in Table 1
thresholds Integer between 0 and 100

granularityCacheCalls Integer between 0 and 1000

granularityCachelime Integer between 0 and 1000

PPS Integer between 0 and 100

Stealing One of: StealFromMaxQueue, MinLevel,
Revenge and SequentialReverseScan

mazrQueueSize Integer between 0 and 1000

unparkingInterval Integer between 0 and 1000

Table 1. Possible Cut-off Variables

Variable Description

queueSize Length of the current queue
level Depth of the parallel recursion
stacksize Number of allocated stacks

activeThreads Number of threads executing tasks

idleThreads Number of threads not executing tasks

surplus Length difference between local and average queues
total Tasks Number of active and pending tasks

emptyQueues Number of empty queues

memory Percentage of used memory in the machine
cpuload Percentage of CPU load in the machine
true -1000, so the condition is always true.
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Training Fitness (s)

Testing Fitness (s)
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Program Features

- For-Loop (or not)
- Unbalance

- # Kernels

- Branching Factor

- Nesting Level
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Gene Variant
Pathogenicity Prediction
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ACTGAGTTCCORGGAACGGGAC
PACTGAGTTCCCOEGGAACGGGACL
CCGTCTGGTAGGACACCCAGCCC
PP CCGAGTTCCCTGGAACGGGAC
CTTCCGAGTTCCOTGGAACGGGS
PTCCGAGTTCCCOTGGAACGGGAC
GGATPAACCGTGGTAATTCTAGA
ACGCCATAGAGGGIGAGAGCCC
M7 CCGAGTTCCCTGGARCGGGA
CGGGACGCCATAGAGGGRGAGS
C G CTGGTAGGACACCCAGLLL
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M-CAP (9%)
Eigen (52%)
GWAVA (37%)
Revel (15%)
DANN (51%)
CADD (53%)
ExXACpLI (47%)
Mutpred (9%)
FATHMM-MKL (37%)
Sift (12%)

fitCons GM12878 (50%)
fitCons HUVEC (45%)
fitCons H1-hESC (50%)
MutationAssessor (12%)
phastCons (36%)

SiPhy (30%)

PhyloP (39%)

GERP (31%)

Cascade Forests (94%)
XGBoost (94%)

GP (95%)

Earth (95%)

Lightining (96%)

MLP (95%)

SVM OVO (96%)

Ada Boost (93%)
Random Forests (94%)
Extra Trees (94%)
Decision Tree (93%)
KNN (91%)

QDA (91%)

Naive Bayes (87%)
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