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Mo7va7on	
“Garbage	in,	garbage	out”	

•  Data Engineering is the process of cleaning, filtering, and organizing the data 
for successful mining and modeling, by solving or avoiding problems in the 

   data.  
 
•  Could take 60-80% of the whole data mining effort.

•  Feature Engineering methods allow us to choose the right representa1on to 
train our models. 

•  Part of the Automa1on Ini1a1ve at SAS®: Automated Feature Engineering
•  Envisioned for SAS® Visual Data Mining and Machine Learning
•  Runs on SAS® Viya®: tested and op1mized for Intel® Xeon® for performance and 

scalability 
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Tradi7onal	Feature	Engineering	

•  Performed by data scientists 
•  Relies heavily on model selected and domain expertise 
•  Features are designed through trial and error 
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Automated	Feature	Engineering	

•  Performed by data scientists 
•  Assisted by automated feature generation, selection, and 

composition methods 
•  Reduces manual trial and error time 
•  Expands search width and depth for best features 
•  Combined with automated model recommendation 
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Problem	Formula7on	
Feature	Selec7on	and	Composi7on	

•  Original dataset
•  Model 
•  Set of transforma1ons                                           where each          outputs a 

set of features

•  Composi1on and concatena1on of transforma1ons 

•  Objec1ve: find a composi1on of transforma1ons that maximize model 
performance 

•  In reality,     and     are op1mized separately

X
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] = argmax

C,T
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How	To	Build	Good	Features?	
The	two	building	blocks	

•  Feature generators
•  Domain specific feature generators

•  General purpose feature generators

•  Feature selec1on and composi1on algorithm
•  The “best features” are both data and model specific

•  Need to combine with an efficient model selec1on and recommenda1on 
method
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Feature	Extrac7on	and	Genera7on	
Domain	Specific	Features	

•  Text Data
•  Bag of words, seman1c structural representa1on, latent seman1c 

representa1ons (latent Dirichlet alloca1on), Word2Vec embeddings

•  Image Data
•  Color, texture, shape (edges, corners, blobs), wavelet coefficients, Scale-

invariant features (SIFT), bag-of-features + spa1al pyramid, deep learning based 
features

•  Time series
•  Spectral features, mo1fs, shapelets, discords, paeern dic1onaries
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Feature	Extrac7on	and	Genera7on	
General	Purpose	Features	

•  Single-variable transforma1ons 
•  log, exponen1al, frequency count, one-hot coding, normaliza1on

•  Two-variable combina1ons 
•  sum, difference, division, product

•  Mul1variate and model-based methods
•  Unsupervised feature genera1on
-  PCA, random projec1ons, meta data learning, distance/cluster based features, rela1onal feature 

genera1on, kernel manifold learning

•  Supervised feature genera1on
-  Linear discriminant analysis (LDA), supervised dic1onary learning

•  Deep learning based methods
-  auto-encoders, mid layers of trained deep neural networks
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Feature	Selec7on	and	Composi7on	
Pure	Selec7on	

•  Examples: DSM [Kanter et al. 2015], OneBM [Lam et al. 2017]

•  Select using sta1s1cs 
•  Filter by variance, correla1on, mutual informa1on

•  Select by model
•  Build models that encourage sparsity (e.g., L1 penaliza1on)

•  Select by filtering out features with low weights

•  Grid Search
•  Build model with random subsets of features

•  Compare and choose the subset with best performance
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Feature	Selec7on	and	Composi7on	
Pure	Selec7on	

•  Examples: DSM [Kanter et al. 2015], OneBM [Lam et al. 2017]

•  Limita1ons:
•  Does not allow feature composi1on

•  Sta1s1cs and sparse model weights do not directly translate to performance 
when used to train the actual model

•  Grid search is computa1onally expensive, especially when the number of 
possible transforma1ons is large
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•  Example: ExploreKit [Katz et al., 2016]

•  Greedy search for best feature combina1on

•  Ini1alize with empty feature set 
•  At each itera1on:

•  Find candidate feature with the highest performance improvement

•  Add best candidate to the feature set

•  Repeat un1l convergence (low improvement) or 1me budget is reached

Feature	Selec7on	and	Composi7on	
Itera7ve	Combina7on	

C0(T,X) = ;
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in = argmax

i
Rm([Cn�1(T,X), ti(X)])

<latexit sha1_base64="cgOhnNeElDgCM7O/YaWKZrz7C2s="></latexit><latexit sha1_base64="cgOhnNeElDgCM7O/YaWKZrz7C2s="></latexit><latexit sha1_base64="cgOhnNeElDgCM7O/YaWKZrz7C2s="></latexit><latexit sha1_base64="cgOhnNeElDgCM7O/YaWKZrz7C2s="></latexit>

Cn(T,X) = [Cn�1(T,X), tin(X)]
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•  Example: ExploreKit [Katz et al., 2016]

•  A greedy selec1on algorithm

•  More scalable than grid search

•  Limita1ons:
•  Does not allow feature composi1on

•  Greedy, which may result in sub-op1mal feature selec1on

•  Time consuming. Itera1ve algorithm is difficult to parallelize

Feature	Selec7on	and	Composi7on	
Itera7ve	Combina7on	
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Feature	Selec7on	and	Composi7on	
Hierarchical	Search	

•  Example: Cognito [Khurana et al. 2016]

•  Use a tree-like structure (transforma1on 
graph) to represent possible feature 
composi1ons 

•  Start with one node (original data)
•  At each itera1on

•  Evaluate possible child nodes based on criteria 
like node accuracy and depth

•  Add best child node to current structure

•  Repeat un1l 1me budget is reached
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Feature	Selec7on	and	Composi7on	
Hierarchical	Search	

•  Example: Cognito [Khurana et al. 2016]

•  Allow feature composi1on
•  Can generate different feature combina1ons 

by changing criteria

•  Limita1ons:
•  Greedy algorithm may lead to sub-op1mal 

solu1on
•  Time consuming (itera1ve training and 

valida1on)
•  Criteria setup is not intui1ve
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Feature	Selec7on	and	Composi7on	
Hierarchical	Search	

•  [Khurana et al. 2017]

•  Extension: reinforcement learning based 
search
•  State: a transforma1on graph and remaining 

budget value

•  Possible ac1ons: Add any feasible child node to 
current state

•  Objec1ve: learn op1mal ac1on policy given state

•  Policy learned on mul1ple training datasets
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Feature	Selec7on	and	Composi7on	
Hierarchical	Search	

•  [Khurana et al. 2017]

•  Extension: reinforcement learning based 
search

•  Balance exploita1on with explora1on
•  More efficient search with well-trained policy
•  Policy training requires extra data, and can 

take a long 1me
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RULLS	
Unsupervised	Feature	Genera7on	

Namita Lokare       Jorge Silva         Ilknur Kabul
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RULLS	
Feature	Engineering	Method	

•  Idea: Aggrega1ng features from a random union of subspaces by 
describing points using globally chosen landmarks. Euclidean distances 
are encoded as features in the final feature matrix.

•  Features generated are:
•  Sparse

•  Non-nega1ve

•  Rota1on invariant

•  Allow fast training when used in conjunc1on with simple models

•  Can be used for clustering tasks

•  Can be used for classifica1on 
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RULLS	
Union	of	Subspaces	

•  Assump1ons:
•  Globally the data may not be low-

dimensional

•  Locally data exhibit low-dimensional 
structure (subspaces)

•  Advantages:
•  Reduces local dimensionality without 

forcing global dimension reduc1on

•  Preserves local structure
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Workings	of	RULLS	
Pipeline	

Randomly select landmarks
Construct local subspaces 
with landmarks’ neighbors

Project onto the subspace 
of each landmark, measure 
distances to the landmark

Use regularized 
distances as features
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Workings	of	RULLS	
Algorithm	
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Variants	of	RULLS	

•  Variant I
•  Random projec1ons (no subspace learning)

•  Variant II
•   Use Euclidean distance (no projec1on)

•  Use Robust PCA in presence of noise and outliers
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Exis7ng	Methods	

•  RandLocal 
•  Features are chosen randomly
•  Use only one global neighbor to encode distances

•  Suggested range for T is between 100 and 500


*Suhang Wang, Charu Aggarwal, and Huan Liu. 2017. Randomized Feature Engineering As a Fast and Accurate Alterna1ve to 
Kernel Methods. In Proceedings of the 23rd ACM SIGKDD Interna=onal Conference on Knowledge Discovery and Data Mining 
(KDD ’17). ACM, New York, NY, USA, 485–494. heps://doi.org/10.1145/3097983.3098001
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Advantages	of	RULLS	

•  RULLS selects features that are locally relevant unlike RandLocal, Variant I, 
and Variant II

•  RULLS can achieve a beeer performance than all the methods with fewer 
itera1ons

•  Simple machine learning models when used in conjunc1on with the 
features generated by RULLS are fast and efficient to train

•  RULLS allows for the use of robust PCA in presence of noise and outliers
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Datasets	Tested	
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Results	
Classifica7on	Tasks	

Classification accuracy on datasets. Highlighted text shows the method 
with the best performance.
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Figure 3: Average classifica1on accuracy 
(%) with varying itera1ons (t = 1, 10, 50, 
and 100) for raw features, RandLocal, 
Variant I, Variant II and RULLS (PCA).
(a) Japanese Vowel, (b) Fashion MNIST, 
(c) Breast Cancer Wisconsin, (d) 
Baseball and (e) Digits dataset.
Methods compared here beat the raw 
features score in just a few itera1ons. 
RULLS performs beeer than other 
methods on all datasets compared.
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Results	
Classifica7on	Tasks	in	presence	of	noise	

RULLS with ROBPCA on the Breast Cancer dataset in the case of raw features and 10% noise added to columns 
and rows.

Classification performance in presence of 10% noise added to columns and rows in each dataset. Best 
performance is highlighted in blue. The numbers in the parenthesis indicate the difference between the 
performance with and without noise. 
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Results	
Clustering	Tasks	

Comparison of RULLS with PCA and ROBPCA on IRIS dataset. We see an improvement in performance 
with  ROBPCA 

Clustering performance on datasets. We report Normalized Mutual Information (NMI). Highlighted text 
shows the method with the best performance per dataset.



Copyr ight  © SAS Ins1tute Inc .  A l l  r ights  reserved.

Visual	Comparison	of	features	

Visual interpretation of Japanese Vowel dataset features. (a) RandLocal, (b) Variant II, (c) Variant 
I, (d) RULLS (PCA), (e) ground truth class labels. The features are generated for T = 1,     = 122,  
   = 10 for RULLS (PCA), Variant I, and Variant II, and     = 1 for RandLocal. 
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