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1 Abstract:

The document covers and establishes theorems and definitions for the definition
and usage of Mathematical concepts and constants for Geometric Deep Learning
on our next model training.
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2 Introduction:

The document covers several theorems, definitions, and proofs that are cur-
rently being investigated for Machine Learning Models. An assumption that
the training is linear is made and that the training corpus is of good sourcing
quality.

3 A Theorem and Proof per Fubini’s Theorem:

Let the following theorem and proof be an introductory concept for our later
theorems on training models in a n-dimensional topological space.

Theorem 1. Let the integral of the weight parameters a,b,c,d in a set W
be approzimately equivalent to an integral function of the parameter-generator
function in a n-manifold space where n > 2.:

B
On(a,b,c,d,....2z) = / %d(é(Ratio(t) - Xy)). (1)

Where t,n,p are the indices of a tensor X where the indices t,n,p are defined
in a set of numbers Nt , where they denote n > 0, n € N..
The variables X are z-order, y-dimensional tensors of index t € R™.

An inverse inequality form of 1 would be:

On(a,b,e,d,...,2)" " < /ﬁ ﬁd(é(Ratio(t) ~Xp>)’ < Opla,b,c,d, ..., z2).

X,
(2)




Proof. Let the Proof 3 per 1 be a construction of a proof by construction of the
prior theorem of Fubini from Guido Fubini.

(i) Per 1 and the Fubini’s theorem, and the construction from Fubini’s theorem.
Thus per the (ii) step in 3:

(ii) By splitting the integral of 1 per Fubini Theorem establishes non-degeneracy
of the integral per Theorem 1.

(iii) Per (ii), if the integral admits a solution per Fubini’s Theorem and its
associated theorems, then the integral of 1 exists for a variable of time t.

(iv) Thus our proof by construction is completed by the existence of a variable
t in our n-dimensional topological space. |

4 On Large Training Sets:

Per Proof 3 this would imply that using this method a tighter control of the
data training input and output. And thus a better quality control of the training
data, one equation may be of:

cos(t) < Tp(i) < cos(t + 1). (3)

For variables ¢t and ¢ in R. That satifies the following condition of not being
equal to zero and t, i being between [0, 1].

Remark 1. Per 3 and 2, it is in the condition that T, (i) satisfies the condition
of the inequality above.

Where ¢ is the time variable, n is an index representing an n-dimensional
indexed x of the training at the variable t.

5 Limitations of such approach:

One of such limitations although non-exhaustive is the complexity of compute
for such approach. That would warrant a non-trivial bigger than O(2™) com-
plexity time.

6 Conclusion:

The conclusion of this document is that per the abstract, there exists a solution
of a possibility for better data training using Geometric Deep Learning to thus
improve training quality and reduce training poisoning in a time-variable t.

References

[1] BRONSTEIN, M. M., BRUNA, J., COHEN, T., AND VELICKOVIC, P. Geo-
metric deep learning: Grids, groups, graphs, geodesics, and gauges. arXiv
preprint arXiv:2104.13478 (2021).



