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Gaussian Process + Open API



@ MLP APIs (Free Tutorials, SDK 0 x

& C 1 & rapidapi.com/search/NLP

@ Rapidar @

*https://rapidapi.com/hub

[ ISearch for APIs ]

NLP APIs

Browse the best premium and free APIs on the world's largest APl Hub. Read about the latest API news, tutorials, SDK documentation, and APl examples. RapidAP| offers free
APls all within one SDK. One APl key. One dashboard.

INLPI [
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NLP Translation

Neural Translate. 110+
Langs. HTML/Text/JSON.
Protected words. Multiple
target langs in single
request.

99 @1632ms  100%

9 N

Address Parser -
Advanced NLP

Parse unstructured address
strings into address

components, using
advanced NLP methods.

88 ® 132 ms w 100%

> W

Rewriter Paraphraser

Advanced rewriter and
paraphraser that gives you
high manipulation
capabilities.

92 @® 21206 ms  + 100%

e R

Recipe Search and Diet

Since we understand the
recipe - ingredients, diets,
allergies, nutrition, taste,
technigues & more. We can
connect your users with the

w86 @ 714 ms v 100%

Vi N

TextAPI

A text extraction,
manipulation, and analysis
api. Putting the power of
natural language processing
(nlp) in every developers

88 @25670ms  « 100%

(%) n

Summarize Texts

Use One Al's NLP models to
automatically summarize
texts. Configure this APl in
[the Language Studio]
(https://studio.cneai.com/?

el ®14%9 ms . 100%

2

e R

Edamam Food and
Grocery Database

This APl provides you with
tools to find nutrition and
diet data for generic foods,
packaged foods and

[ER= @ 863 ms v 100%

sinw- A

Twinword Text Analysis
Bundle

One API for all your text
analysis needs. Sentiment
Analysis, Topic Tagging,

Verified

92 @®565ms v 100%

o N

Text-Analysis

A Natural Language
Processing {NLP) API
enabling users to perform a
variety of NLP tasks on a
great amount of news

78 ® 498 ms ~ 100%

@ [
Medium

Medium API helps you
quickly extract data from
Medium's Website
(https://medium.com). You

Verified

296 @ 309 ms v 100%

r— ]
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TextAnalysis

TextAnalysis APl provides
customized Text
Analysis, Text Mining and
Text Processing Services
like Text Summarization,

94 @®32539ms « 76%

2

@)
Sentino

Sentino AP is used to
understand personality traits
(Big5, NEO etc.) using NLP.

275 @®3151ms .~ 100%

My Orgs ™  API Hub

wikd
Brigfs L

Wiki Briefs

Briefs about anything you
search. No need to read
lengthy articles, we
summarize.

L2 95 © 849 ms v 100%

Sentence Case
Converter - Truecaser
Corrects/restores the

capitalization of text, taking
proper nouns into account.

w2 87 ® 63 ms v 100%

Article Parser and
Summary Free 1000
Requests

This API can parse any

article and provide summary
be it news article, blog post,

L84 ®3897ms o B1%
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https://bit.ly/3NvEwIO

Design of Experiment

 k factors vs responses

Zk

Full factorial

https://cognitivetruth.wordpress.com/2019/02/22/design-of-experiments-for-neural-networks/



Design of Experiment

 k factors vs responses
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Box Behnken
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D-optimal design

Taguchi design

https://cognitivetruth.wordpress.com/2019/02/22/design-of-experiments-for-neural-networks/



Taguchi Method
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https://slidetodoc.com/introduction-to-robust-design-and-use-of-the/
https://sixsigmastudyguide.com/taguchi-robust-design/
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RSM

« DOE (A& AAH|) > results > RSM (G L} ZH EfAR)

https://doi.org/10.1016/j.enconman.2017.09.021
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DOE + RSM
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DOE + RSM
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Local Minima

Global Minima

https://medium.com/analytics-vidhya/journey-of-gradient-descent-from-local-to-global-c851eba3d367 Saddle Point



Hyperparameter Optimization

Comparison of Hyperparameter Search Methods (Optimal Selection in Red)

Hyperparameter 1

v
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Grid Search Random Search Bayesian Search

https://towardsdatascience.com/hyperparameter-tuning-always-tune-your-models-7db7aeaf47e9



Frequantist vs Bayesianism

« FARIE ot H EH 60| L2 EEL?

— L

Of H|H o £ UL}

°||1I

ol C

o

“F
« 60 EHX|H? 14 =23 3%
« 6001 ©Z|H? 98 =16.3%
« 6000%H EHA|H? 989 = 16.5%
« 6000081 HA|H? 99658 = 16.6%

1/60] =3

“1/6 (16.7 %) 03 =t4led £ ULt

M
« “CHO| OJAd ZHL 7} 2T AL 2
1/60] Lt& 7t Z=tp




Bayes’ Rule

A B |AB]
P(A) = ] P(B) = 0 P(AB) = o
|AB] = P(AB)
U]
PAR TR T e T R
U
Universe
P(AB)
P(B|A) = P(A)

P(A|B)P(B) = P(B|A)P(A)

(B|A)P(A)

P(A|B) = = —

https://oscarbonilla.com/2009/05/visualizing-bayes-theorem/



Bayes’ Rule
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Bayes’ Rule

* O.J. Simpson &1 AtH (1994)
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Bayes’ Rule
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https://www .analyticsvidhya.com/blog/2016/06/bayesian-statistics-beginners-simple-english/
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Gaussian Process Regression

21l Regression Gaussian Process Regression
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https://pasus.tistory.com/209 https://medium.com/@luckecianomelo/the-ultimate-guide-for-linear-regression-theory-918fe1acb380



Gaussian Process

« Sample data (1,000) O ¢

™

np. linspace(start=0, stop=10, num=1_000), reshape(-1, 1)

2w = np.saueezel ¥ + np.sinfi))

J

4 fig, ax = plt.subplots(figsize=(10, 5))
Bax.plot(¥, v, ":", label="f(x)] = xsin(x]")

B oax. set(xlabel="%", wlabel="f(x]")
7 ax. legend( ]

“matplotlib, legend. Legend at Ox7f9d57hfhadd=
8_

------ f(x) = xsin(x)
6_

https://scikit-learn.org/stable/auto_examples/gaussian_process/plot_gpr_prior_posterior.html#dataset-and-gaussian-process-generation



Gaussian Process

« Sample data (1,000)

I rna = np. randon. BandonStatel 1) # Bandom Mumber Generatar
. . 2 trainina_indices = rng.choicelnp. arange(y.size), size=6, replace=False)
Tra|n Set (6) 3 ¥%_train, v_train = ¥ltrainina_indices], wltraining_indices]

4
B oax.scatter(X_train, v_train)
B displavifig)

89 ... f(x) = xsin(x)

6_

https://scikit-learn.org/stable/auto_examples/gaussian_process/plot_gpr_prior_posterior.html#dataset-and-gaussian-process-generation



‘:Eai . IE,)
o | from sklearn, gaussian_process inport GaussianProcessRedressor

« Sample data (1,000)
2 from sklearn, gaussian_process. kernels inport RBF

* Train set (6) 3

4 kernel = BBF(length_scale=1.0, length_scale_bounds=(1e-2, ZeZ])
B gaussian_process = GaussianProcessRegressor(kernel=kernel, n_restarts_optinizer=9)

* Set kernel & tralnlng B gaussian_process. fit(X_train, v_train)

T ogaussian_process. kernel _

REF( length_scale=0.637)

https://scikit-learn.org/stable/auto_examples/gaussian_process/plot_gpr_prior_posterior.html#dataset-and-gaussian-process-generation



Gaussian Pro®

Sample data (1,000)
Train set (6)

Set kernel & training

Prediction

Confidence z
99% 2,576 B S
98% 2326 Confidence Interval : X + 7 —
95% 1.960 WXEE
90% 1.645

| mean_prediction, std_prediction = gaussian_process. predict (X, return_std=True)

oa M

fig, ax = plt.subplots(figsize=(10, 5))
4ax.plot(¥, v, ", label="f(x) = x=in(x)")
B oax.scatter(X_train, v_train)

B oax.plot(X, nean_prediction, label="nean prediction”)
Toaw, fill_between(¥. ravel (),

a mean_predict ion—1.96+std_prediction,
q mean_predictiont! . 96+std_prediction,
10 alpha=0. 5,

11 label="95% CI")

12 ax.zet(xlabel="x", ylabel="f(x)")
13 ax. legend()

“matplotlib, leaend. Legend at Ox7 f9d874ch 0=

. [ f(x) = xsin(x) ol
6 mean prediction
4- 95% Cl
EE 1 s> 4h‘ﬂ B @
= “ o :
U_
-2 - <
—4 - oot
_6 | | | | | |
0 2 4 6 8 10
X
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Points of Significance

natu

nature » c
Collection

Statis

There is n

may be to

POINTS OF SIGNIFICANCE

Error bars

The meaning of error bars is often misinterpreted,
as is the statistical significance of their overlap.

Last month in Points of Significance, we showed how samples are
used to estimate population statistics. We emphasized that, because
of chance, our estimates had an uncertainty. This month we focus on
how uncertainty is represented in scientific publications and reveal
several ways in which it is frequently misinterpreted.

The uncertainty in estimates is customarily represented using
error bars. Although most researchers have seen and used error
bars, misconceptions persist about how error bars relate to statisti-
cal significance. When asked to estimate the required separation
between two points with error bars for a difference at significance
P =10.05, only 22% of respondents were within a factor of 2 (ref. 1).
In light of the fact that error bars are meant to help us assess the
significance of the difference between two values, this observation

THIS MONTH |
=] sem W
@0{ 95301 webA
= 2 HrH
1] Lol 'ﬁ w] L
Sample means wilh 35% G 9 — 4=
' . 1 £ 8 — i —
— = i 5 7 ——4——
' e 8 —i———
. l_'___l_"'_' 5 — i —
1 Y L M 4
— 2
—1 - T -
_ Erros bar gire

Figure 2 | The size and position of confidence intervals depend on the
sample. On average, CI% of intervals are expected to span the mean—about
19 in 20 times for 95% CI. (a) Means and 95% CIs of 20 samples (n = 10)
drawn from a normal population with mean w and s.d. o. By chance, two of
the intervals (red) do not capture the mean. (b) Relationship between s.e.m.
and 95% CI emmor bars with increasing n.

does not ensure significance, nor does overlap rule it out—it depends
on the type of bar. Chances are you were surprised to learn this unin-
tuitive result.

The first step in avoiding misinterpretation is to be clear about
which measure of uncertainty is heing represented by the error bar.

https://www.nature.com/collections/gghhagm/pointsofsignificance
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Gaussian Process

* Gaussian Process + DOE + iteration

Step 2: add a point @max std.
Until max. std € 0.1

https://medium.com/@luckecianomelo/the-ultimate-guide-for-linear-regression-theory-918fe1acb380

https://scikit-learn.org/stable/auto_examples/gaussian_process/plot_gpr_prior_posterior.html#dataset-and-gaussian-process-generation
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Full GPR basis

Reference

Gaussian basis
on a regular grid

Optimized
Gaussian basis

Gaussian basis
at data locations

arning from
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* 69 pages, 420 references
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