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Methodology Results
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or categorical data the distance is 0 or 1. KNN-CLASSIFIER EvoTreeRegressor _ : L L : '
Slmllarlty Of two numerical C C, ( .‘i(i"l — (‘__?" ) For each neuron if1 the unique pathl with no inactive neurons from the) EVO-TREE-CLASSIFIER ‘ | ‘ ‘ NeuralNetworkRegressor || N : i; : {:‘;ﬁ", 'i::z'}
ValueS Of the same attribute u".".“+1 — "’z 1+1 — _]_ — I])_C',, neurons representing the target variable to all of the activated sensors Mean Execution Tlme of time [s] o 1 . 2. 5 4 : : :2 : IIZFMI'[::::::i 'SA10]
determines the weights between them in view of e e i the inference phase in seconds Execution Time 3] 14 | a4 [resoo, a0, sau]
the range of all the attribute values: RO = vCn  — S | | o T, s> MAGN == MAGN TEFETWERH <
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The aSSOCIatlve tranSformatlon process tranSformS Values, Ob]eCtS, and Mean A"ocated Memory during the entire benchmark Comparison Of Root Mean Square Errors (RMSE)
keys (relationships) of database tables into specific nodes and connections of (training and inference phases) in bytes for flat price prediction problem
a sparse Multi-Associative Graph Network using a simple rule. Such results were possible because MAGN structures are constructed
It allows to associate data and objects of all tables of many databases to reproduce specific relationships of every dataset or database.
creating a knowledge model about the data collected and using it The sparse connections created in the construction process
for classification, regression, prediction, and other ML tasks. reproduce real relationships supporting predictions.
Next, new nodes representing conclusions can be added.
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Conclusions

1. Sparse associative connections work like hard attention
allowing the MAGNs to focus only on essential relationships.
2. The weights reproduce the strengths of these relationships,
defined by the frequency of occurrences of values and objects.
3. This strategy does not require a long-lasting training process.
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