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Analysis of machine learning algorithms based on invariants
NING Yixuan
(College of Information, Zhejiang Sci—Tech University, Hangzhou 311121, China)

[ Abstract] With the widespread application of machine learning algorithms in various fields of artificial intelligence, people have
begun to pay attention to the quality analysis of machine learning algorithms. Due to the lack of test predictions in the machine
learning algorithm, it is very difficult to analyze the quality of the learning algorithm. Based on this, this paper proposes a machine
learning algorithm analysis method based on invariants, which generates invariants under different parameters for five machine
learning algorithms, Get the invariant set. Through the dynamic screening mechanism and function call graph, the invariant set is
screened and extracted to obtain the key variables of the machine learning algorithm. The experimental results show that when the
quality of the machine learning algorithm gets better and better as the parameters change, the key variables also show a gradual

decrease trend, so that the quality of the machine learning algorithm can be analyzed.
[ Key words] machine learning algorithm; program invariants; key variable extraction; program analysis
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on invariants
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Tab. 1 5 machine learning algorithms

Program Lines of code Key_N Para_N Run_N
Genetic algorithms—TSP 400 6 5 10
Ant Colony Optimization—TSP 377 7 5 20
Simulated Annealing—TSP 123 6 5 10
K-means algorithm 308 6 6 15
KNN algorithm 160 3 4 10
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Tab. 2 Collection of key variables in GA-TSP

Functions KEY invariants
path_len(int * ) ; ; ; EXIT :scity_pos[ ] == orig(; :city_pos[ ])
: scity_pos[ ]
: ;chrom[ J

main( ) : : : EXIT : :best_result[ ]
: :min_distance

: :maxgen
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Fig. 5 Run 10 times for each parameter
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Tab. 3 Set of key variables in ACO-TSP

Functions

KEYinvariants

CalAdjacentDistance(int) : : : ENTER
CalAdjacentDistance(int) ; : : EXIT
calculateAllDistance( ) ; ; : EXIT

main( ) ;: : EXIT

AntColonySystem. InitParameter( double) ; ; : EXIT
AntColonySystem. InitParameter( double) : : : ENTER

node
. : NeMax
orig( ; ;allDistance[ ]) elements == ;;Lnn
.:Lnn
: :allDistance| ]
this—>info[ ]

orig( ;:Lnn) in

value
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Tab. 4 Set of key variables in SA-TSP

Functions

KEYinvariants

this—>loc_distance

this—>min_distance

this—>temp._Vector_base<int, std; ;allocator<int> >._M_impl._Vector_impl_data._M_start[ ]

TSP.~TSP( ) :::EXIT

this—>result._Vector_base<int, std; ;allocator<int> >._M_impl._Vector_impl_data._M_start[ |

return

loop
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Tab. 5 Set of key variables in k—means

Functions

KEY invariants

KMEANS_double_.getMinMax (int) ; ; : EXIT
new_allocator_LKMEANS_double___Node_.Node>
(KMEANS<double>: :Node * ) : : : EXIT
kmeans.cpp.void
std; :_Destroy<KMEANS<double>: : Node * >
(KMEANS<double>: :Node # ,

KMEANS<double>; :Node * ) ; : : EXIT

this—>k
__p[ ] .minIndex elements
__i[ ].minIndex elements
__first[ |.minIndex
__first[ |.minIndex
elements

__first[ ].minDist
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Tab. 6 Set of key variables in KNN

Functions KEY invariants

this—>k
KNN.get_all_distance( ) : : : EXIT this—>map_index_dis[ ]

. :distance
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