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Montufar et al. On the Number of Linear Regions of Deep Neural Networks, Neurips, 2014
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Probability theory

L. l\'olnu)grm' axtoms

2. Probabilities (normalized distribution)
3. Conditional /1)'0[)11[11'/1'1_)'

4. Conditional independence

i

Probabilistic problems
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Statistics

6. Bayes rule

Identically distributed

8. Ergodic process

9. Fast mixing weakly correlated samples
10. Exchangability

11. Stationarity

12. Independent sampling

13. M c'nlaz.'vlm' property

14. Time-reversible process

Statistical learning

15. [Bayesian] risk minimization

16. Empirical Bayes method

17. Non-parametric learning

18. Instance-based methods (lazy)

19. Pattern recognition

20. Representer theorem (RKHS)

21. Predictive learning (extrapolation)

22. Probably Approximately Correct (PAC)
23. Statistical Inference

Modeling

Nt
A

o
I

W NN
S © >

Parametrization

. Selection problem

[Stochastic] optimization

. Structured prediction

Exiting statistics (entering data-science)

Likelihoodism (data-independent inference)

. Consequentialism (generalization capability; data-irrelevant modeling)
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https://en.wikipedia.org/wiki/Markov_property
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(Probably Approximately Correct) GADJO Lu X’LQ.A?‘
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error(h) = Px(h(x) * c(x)) = 2 p(x)
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https://users.math.cas.cz/~gavinsky/papers/PExact.pdf
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Matrix
RP scheme construction Projection time Embedding quality
time
Dense input  Sparse input
Gaussian O(dlk) O(ndk)  O(nnz(A)k) O(e~2n)
Achlioptas’ O(dk) O(ndk) O(nmz(A)k) -8
Li's O(Vdk) O(nvVdk)  O(nnz(A)k)"
SRHT O(dk + dlogd)  O(ndlog k) O(ndlogk) Ole *(n+d)logn)
Count Sketch Od) O(nd) O(nnz(A)) O(e *n?)

" For Achlioptas’ and Li's projections, we did not find any estimates of & for which the OSE property
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https://jpt.spe.org/traditional-statistics-vs-artificial-intelligence-and-machine-learning
https://jpt.spe.org/traditional-statistics-vs-artificial-intelligence-and-machine-learning

Stacking ensemble model of deep learning for
plant disease recognition
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https://link.springer.com/article/10.1007/s12652-022-04334-6
https://link.springer.com/article/10.1007/s12652-022-04334-6
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