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About me

* Research Engineer @ NYU since 2014

e Spend most on my time on scikit-learn

O learn



About the NYU Center for Data Science
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Build bridges between methods and applications.
Create career paths for data scientists.
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Connection to Library Sciences

New position 50/50 CDS and Library
Data provenance

Metadata conventions

Data handling, storage and versioning
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ReproZip (Remi Rampin)



VisTrails (Remi, Juliana, Claudio)

Workflow and Provenance for Visualization and Data Exploration
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VisTrails sklearn plugin
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Software Working Group

Goals:

* QOutreach to “Domain Sciences” to help with
data sciences

* Education about software development
e Build and Support infrastructure for science

e Build community around software development
at NYU



Software Working Group

» Chair: Claudio Silva
* Research Engineers:

- Me (for the first year)

- Stefan Karpinski (started this summer)
- Heiko Mueller (starting now)

- Two more to come

e Six master students started this summer.
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Machine Learning with Scikit Learn | SciPy 2015 Tutorial | Andreas

et Mueller & Kyle Kastner Part |
von Enthought
vor 3 Monaten - 6.995 Aufrufe

HDv

Machine Learning with Scikit Learn | SciPy 2015 Tutorial | Andreas
Mueller & Kyle Kastner Part ||

von Enthought
vor 3 Monaten - 1.503 Aufrufe

HD

Scikit Learn Workshop with Andreas Mueller 3-30-2015 :
von NYC Data Science Academy ’
vor 6 Monaten « 1.608 Aufrufe

Scikit-learn is a machine learning library in Python, that has become a valuable tool
for many data science practitioners. This talk ...

HD

Large scale non-linear learning on a single CPU

von Mext Day Video
vor 2 Monaten « 763 Aufrufe
Andreas Mueller hitp://www.pyvideo.org/video/3809/large-scale-non-linear-.. ...

HD

Scikit Learn Workshop with Andreas Mueller 3-30-2015

von NYC Data Science Academy

vor 6 Monaten » 1.608 Aufrufe

Scikit-learn is a machine learning library in Python, that has become a valuable tool
for many data science practitioners. This talk ...

HD!




Voter Ethnicity Prediction

Census block ethnical distribution

~ Voter ethnicity

Tue Positive Rate

(Tian Wang)

name “rank | count

SMITH 1 2376206
JOHNSON 2 1857160
WILLIAMS 3 1534042
BROWN 4 1380145
JONES 5 1362755
MILLER 6 1127803
DAVIS 7 1072335
GARCIA 8 858289
RODRIGUEZ 9 804240
WILSON 10 783051
MARTINEZ 11 775072
ANDERSON 12 762394
TAYLOR 13 720370
THOMAS 14 710696
HERNANDEZ 15 706372
MOORE 16 698671
MARTIN 17 67271
JACKSON 18 666125
THOMPSON 19 644368
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KNN Imputation (Tian Wang)
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KNN Imputation (Tian Wang)
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eural Network (Jiyuan Qian)

— MLP_Adam
— MLP SGD constant nesterov
— MLP_SGD_constant_no_momentum

- - MLP SGD invscaling nesterov — MLP_SGD_constant_no_momentum_early — MLP_Adam_early
_ MLP_SGD_adaptive nesterov — MLP_SGD_constant_no_momentum_early val — MLP_Adam
_ - MLP:SGD:constant:momentum — MLP_SGD constant_no_momentum — MLP_Adam early val
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eural Network (Jiyuan Qian)

— MLP_Adam
— MLP SGD constant nesterov
— MLP_SGD_constant_no_momentum

- - MLP SGD invscaling nesterov — MLP_SGD_constant_no_momentum_early — MLP_Adam_early
_ MLP_SGD_adaptive nesterov — MLP_SGD_constant_no_momentum_early val — MLP_Adam
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Merged on Friday!



Robust PCA (Jiyuan Quian)

X=L+S5

L low rank, S sparse

raw low rank sparse

Solved via Trimmed Grassmann Average (TGA) by Hauberg et al



Huber Regression (Manoj Kumar)

Corrupt y, large deviants

Error: mean absolute deviation

10+ b to non corrupt data
— OLS: error = 11.055
8l — Theil-Sen: error = 0.234
— RANSAC: error = 0.002
6l — HuberRegressor: error = 0.011 |
a4l
21
Nk




Ying-Yan Kmeans (Manoj Kumar)

.

No. Assignment Overall Speedup (X)
Data Set n d k _ S_tand_ard Speedup (X) over_ Standard of Yinyvang
iter time/iter Yinyang K-means over
(ms) Elkan Dirake f=1 | elastic Standard | Elkan | Drake
4 50 27 1.29 1.97 2.08 2.08 1.14 1.09 1.07
I. Kegg Net- 6,554 28 16 52 9.9 1.62 2.13 248 248 1.61 1.36 1.12
work 64 68 28.0 1.78 2.21 2.55 3.37 2.61 1.98 1.56
256 59 806 1.89 1.63 2.23 4.98 4.86 3.60 3.08
4 16 3l 4.60 4.34 4.6% 4.68 1.13 1.07 1.11
n 16 54 54 2.84 2.01 2.70 2.70 1.41 1.07 1.27
I Gassensor L4B4 1 129 64 66 20.3 5.08 3.08 3.17 5.49 3.29 1.82 2.2%
256 55 84.3 6.48 2.06 3.01 10.28 5.40 1.85 472
4 24 10.1 0.72 1.23 1.36 1.36 1.18 1.24 1.17
III. Road Net- 4.3E5 4 64 154 20.0 0.85 3.42 4.10 3.85 3.63 382 1.12
work ’ 1.024 161 1647.3 1.25 2.14 4.08 2.45 13.59 12.71 5.21
10,000 T4 16256.1 - 1.88 2.80 9.63 12.57 - 6084
4 (4] 182.0 1.88 1.94 2.08 2.08 1.10 1.04 1.0
IV. US Cen- 2 SE6 68 it 536 2176.4 3.57 4.56 485 2.47 540 243 214
sus Data - 1,024 154 37603.9 0.23 2.96 3.56 24.89 23.45 829.53 6.33
10,000 152 432976 - -(1.64) 2.90 3.05 5.70 - -(2.15)
4 55 111.0 2.44 2.88 3.02 3.02 1.83 1.41 .04
L6 128 [iE 314 1432.6 53.52 3.07 5.64 10.21 8.05 1.79 1.26
V. Caltech 101 1 1024 | 369 | 228168 | 5.56 3.62 338 | 21.99 2233 | 641 5.71
10,000 129 316850 - -(3.25) 3.12 20.24 22.23 - - (6.74)
4 145 460.8 2.85 3.38 3.69 3.69 2.40 1.65 1.05
V1. 4E5 128 64 232 5858 3.27 4.57 4.29 0.%1 f0.16 1.88 1.76
NotreDame - 1,024 149 9331 5.66 2.82 2.28 10.44 10.69 3.25 4.19
10,000 47 126815 - 2.35 2.32 10.81 11.53 - 5.27
4 103 277.0 6.67 7.58 8.20 8.20 3.24 1.90 1.21
. 64 837 4113.4 14.23 7.39 6.32 15.26 13.89 193 1.93
VII. Tiny LEG | 384 | 004 | 488 | 640788 | 1602 | 437 2.94 23.64 23.21 2.78 5.14
10,000 146 781537 - -(3.45) 2.35 15.51 16.13 - - (3.96)
4 62 113.7 2.63 2.86 3.17 317 1.94 1.46 1.10
VIIL Uk- LE6 128 64 306 1431.1 5.75 7.36 6.61 13.21 10.85 312 1.72
bench - 1,024 517 227874 5.05 4.28 3.42 23.41 24.26 6.85 518
10,000 208 316299 - -(3.92) 3.09 28.50 32.18 - - (6.32)

| average | 433 | 339 | 351 | 987 | 936 [ 612 | 3.08 |




Other scikit-learn contributions
(Vighnesh Birodkar)

~1Xes to input validation in scikit-learn
~i1xes to K-Means clustering

~1Xes to preprocessing



Patsy-sklearn
y ~ X_1 + X 2 + x_3

log(y) ~ X I + X_2 + x_3
log(y) ~ x_1:x_ 2 + x_3
log(y) ~ x_1:x_2 + log(x_3)



Patsy-sklearn
y ~ X1 + X_2 + X_3

log(y) ~ X I + X_2 + x_3
log(y) ~ x_1:x_ 2 + x_3
log(y) ~ x_1:x_2 + log(x_3)

model = PatsyModel(LogisticRegression(),



Patsy-sklearn

y -~ X_1 + X _ 2 + X_3

log(y) ~ X I + X_2 + x_3
log(y) ~ x_1:x_ 2 + x_3
log(y) ~ x_1:x_2 + log(x_3)

model = PatsyModel(LogisticRegression(),
"species ~ sepal_length + petal length")



Patsy-sklearn

y ~ X_1 + X 2 + x_3

log(y) ~ X I + X_2 + x_3
log(y) ~ x_1:x_ 2 + x_3
log(y) ~ x_1:x_2 + log(x_3)

model = PatsyModel(LogisticRegression(),
"species ~ sepal_length + petal length")

transformer = PatsyTransformer (



Patsy-sklearn

y ~ X_1 + X 2 + x_3

log(y) -~ x_ 1 + x_2 + x_3
log(y) ~ x_1:x_ 2 + x_3
log(y) ~ x_1:x_2 + log(x_3)

model = PatsyModel(LogisticRegression(),
"species ~ sepal_length + petal length")

transformer = PatsyTransformer (
"sepal_length + log(petal_length) + petal_length:sepal_width")



Dask-learn (with @mrocklin)

# from sklearn.pipeline import Pipeline
from dasklearn.pipeline import Pipeline

pipeline = Pipeline([("count"”, CountVectorizer()),
("select fdr", SelectFdr()),
("svm", LinearSVC())])

from dask.imperative import value
X train, y train, X test, y test = map(value, [X train, y train, X test, y test])

scores = [pipeline.set params(**params)
fit(X train, y train)
.score(X test, y test)

for params in parameters]

result = compute(scores, get=get sync)
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Add Backlinks to Docs

3.2.4.3.1. sklearn.ensemble.RandomForestClassifier

This documentation is for
scikit-learn version

0.18.dev0 — Other “ class sklearn.ensemble.RandomForestClassifier(n_estimators=10, criterion='gini", max_depth=None,
versions min_samples split=2, min_samples leaf=1, min_weight fraction leaf=0.0, max_feafures='auto’, max_leaf nodes=None,
bootstrap=True, cob_score=False, n_jobs=1, random_state=None, verbose=0, warm_sfart=False, class_weight=None)

[source]

scikit-learn. A random forest classifier.

3.2.4.3.1.

sklearn.ensemble. RandomForestC
lassifier
3.2.4.3.1.1. Examples using

A random forest is a meta estimator that fits a number of decision tree classifiers on various sub-samples of the dataset
and use averaging to improve the predictive accuracy and control over-fitting. The sub-sample size is always the same
as the original input sample size but the samples are drawn with replacement if bootstrap=True (default).

sklearn.ensemble. RandomForestClas

Read more in the User Guide.

sifier

Parameters: n_estimators : integer, optional (defauli=10)
The number of trees in the forest.
criterion : siring, optional (default="gini")

The function to measure the quality of a split. Supported criteria are “gini” for the Gini
impurity and “entropy” for the information gain. Note: this parameter is tree-specific.

max_features : int, float, string or None, optional (default="autc")
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Inttddﬂction to

Machine
Learning
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with Python

A GUIDE FOR DATA SCIENTISTS

Sarah Guido
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Thank you for your attention.

YW @kt
Q @amueller

importamueller@gmail.com

;«3 http://amueller.github.io
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