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Hyperparameter Tuning

e State of the Art
* Collaborative Hyperparameter Tuning — Our
Approach

— Featurize Datasets
— Extensive Experiments on Different Datasets
— Create historical knowledgebase of results

— Generate smart sweeps on demand

e Performance Results



State of the Art

ParamlLS, local-search based methods, Hutter et
al [1]

REVAC, estimation of distribution methods,
Nannen and Eiben [2]

Spearmint, Snoek et al [3]

Surrogate optimization approach in Weka
platform Thorton et al [4], in deep belief
networks, Bergstra et al [5], using assessments
from similar problems, Bardenet et al [6]



Collaborative Hyperparameter Tuning

* Generalize across similar No sorting hat ®
learning problems, in '
other words similar
datasets

] —

e So we sort of built one



Collaborative Hyperparameter Tuning

(a) Error surface of Ada- (b) Error surface of Ada-
Boost on lymph Boost on sonar

Figure 1. (a,b) Error surfaces on two similar datasets have
similar shapes although the errors are quantitatively dif-

ferent. (¢) The similar shapes can be captured by a latent

ranker.

Similar datasets have
similar hyperparameter
correlation

Figure 1 from [6] shows
how error surface for
similar datasets look
similar



Featurize Datasets

By Dimensions of the dataset

1.

N o Uk wnN

Number of Instances, N;

Number of Features, N

Number of Instances Squared, N/

Number of Features Squared, N/

Number of Instances*Number of Features, N; * Ny

N
Number of Instances/Number of Features, N—’
F

Fraction of Sparse Features
— features where at most 10% of the instances have a non-zero value

By feature data type

1.

2.
3.
4

Fraction of Binary Features
Fraction of Integral Features
Fraction of NonNegative Features
Fraction of Categorical Features



Featurize Datasets

* By distribution of values of the features

1.
2.

Number of Instances with Missing Features

Fraction One Value Features

— features that have no information in them — that is all have
the same values

Fraction of Features with 2 Different Values (Not
binary values)

Fraction of Features with 3-10 Different Values
Fraction of Features with 11-20 Different Values



Featurize Dataset Example

* For Example, for the following Breast-cancer dataset

| Pl Fa | Fa | Fa | Fo | Fo | P | Fa | Fol

1 5 1
2 5 4
3 3 1
4 6 8
5 4 1
6 8 10
7 1 1
8 2 1
9 2 1
10 4 2
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Number of Number of Number of Fraction of

Features Instances*Nu Instances/N Sparse Features

Squared mber of umber of

10 9 100

Binary Integral Non-Negative Categorical
Features Features Features Features

Fraction Fraction Fraction Fraction

Features Features

81 8100 111 0

Instances Fraction Fraction of Fraction of

with Missing One Features with Features with

Features Value 2 Different 3-10 Different
Features Values Values

Fraction of
Features with
11-20 Different
Values

0 0 0.11 0.89



Extensive Experiments

Create M, a set of models
generated with different values of
hyperparameters,h, for each
learner

These h values are obtained by
discretizing the space of the
hyperparameters and choosing a
finite set.

Execute models in M for a set of
datasets D = {Dq, ..., D,,}

Currently for linear learners

For example, for Fast Tree Binary
Classification

— h = {iter,nl,mil, lr}

* iter -> Number of Trees

* nl->Number of Leaves

* mil -> Minimum documents in leaf
* Ir->learning rate

— Discretized hyperparameter

space
* Iter =20,100,500
* nl=2-128;log;inc:4
* mil=1,10,50
* Ir=0.025-0.4;log

— M = {{100,4,10,0.3}

{20,8,100,0.025}}



Create Historical Knowledge Base of Results

e Record the results of
the experiments
— AUC

* Generate A = MxD
matrices with
— Log-normal AUC
— Log-normal (1-AUC)

— Order Statistics

* VM; € M rank by AUC for
each dataset

Log-normal AUC

o log(AUCi,j) - mean({log(AUClj), ...,log(AUC|M|J-})
" var(log(AUC,))
AUC is the MxD matrix with auc

i€[1,IM],j €[1,|DI]

Log-normal (1-AUC)
log(AUCi,j) - mean({log(AUClj), s
L= var(log(AUC,))
AUC is the MxD matrix with auc
i€ [1,|M]Lj € [L1DI]

log(AUCuy,1})

Order Statistics
Mo | D | D | D | Di [
M, 0.9075 0.9174 0.8796 0.9820 ‘5
]
M, 0.8883 0.8776 0.9058 0.8806 j
o
My 0.9914 0.9894 0.9933 0.9737 E
mp | Dy | D, | Dy | Dy
M, 2 2 3 1 )
'e
@]
M, 3 3 2 3 ~
re)
©

experiments

Statistics



Generate smart sweeps on demand

1. Featurize new dataset D,
2. Find the K most similar datasets of D, in D
— Using KNN
— Using Bayesian Sets [7]
3. For each model in M compute the average of the AUC
2D jeDy, A(M;,Dj)
k

for the K most similar datasets, A;,q =

4. Rank the models in M by the above average
5. Choose top s ranked models or sweeps

— With Diversity

— Without diversity



Diversity Coefficient d

Introduces diversity in the models * For example
selected by filtering out similar models  M=10d=08s=4

__10%x0.8 _ 2
The number of models to be filtered - f= 4

around each s required sweeps is

computed as: M|+ | M/D_| Dy | D, | Dy | Dy | Ranking |
~r- M, 6

f=" "\ A
[VI
|M]-> number of models 2 \ °
n ->number of datasets E 2
s ->number of sweeps M, 3
d ->diversity coefficient d € [0,1] " Lop-"ermal ALIC or 10
o2 Log-normal (1-AUC) or N
. . }‘,16 Qrder Stakistice 7
Pseudo code for model filtering
for(int i = 0;i < s;i++){ M; 1
select M; e M with highest ranking Mg ’}
VM; € M,j # i compute Distance(M;, M;) My 5
filter out f most similar models
M = M — M; — f models similar to M; Mo 5

S = {My, My, M5, M1}



Experiment Setup

e Models

— Currently for Binary Classifiers Only

Fast Forest Average Perceptron LDSVM Linear SVM Binary Neural Net
Regression

Hyper 11=0-2;steps:10 iter=2-

Params 12=0-2;steps:10 16384;log;inc:2
ot=1e-4,1e-5,1e-6 nl=2-
m=5-50;inc:15 1024;log;inc:2
norm=Gaussian,M mil: 10-
inMax{zero+},Min 10e4;log;steps:8
Max,Bin Ir=0.1-0.5;inc:0.1

ff=0-1;inc:0.2
Number
of 8397 12600
Models

Iter=2-16384
;log;inc:2
nl=2-1024;log;inc:2
mil=10-
12e4;log;inc:4
bagfrac=0.5,0.7,0.9
ff=0.5,0.7,0.9
sf=0.5,0.7,0.9

22680

loss=HingelLoss
Ir=0.01,0.05,0.1,0.5,1
12=0-2;steps:5
iter=2-16384;log;inc:2
decreaselr=+| -
initwts:0-1;inc:0.2
norm=Gaussian,MinM
ax{zero+},MinMax,Bin

21000

depth=0,3,5,7
lw=0.1,0.01,0.00
1
1t=0.1,0.01,0.001
1p=0.1,0.01,0.00
1s=1.0,0.1,0.01
iter=10000,1500
0,20000
norm=Gaussian,
MinMax{zero+},
MinMax,Bin

4860

lambda=1e-5-
1;log;inc:5

iter=1-
10e4;log;inc:2
initwts=0.0-
1.0;inc:0.1
norm=Gaussian,Min
Max{zero+},MinMax
,Bin

6160

hidden=20,100,100
0

iter=20-
160;log;inc:2
Ir=0.001-
1.0;log;inc:10
initwts=0.001-
1.0;log;inc:10

1920

Table 3 Learners and their hyperparameter values for which experiments were run



Experiment Setup

* Datasets (\\tspace09\data\BinaryClassification)

Dataset Numeric Binary | Categorical Text Missing
(Int/Real) Values

CCSChallenge 10000

CoptTest 12111 116 No Yes No No Yes No
Father 7128 2527 No Yes No No Yes Yes
Hyperonym 12837 50035 No Yes No No Yes No
NewsHardware 959 35213 No Yes No No Yes No
Sentiment 1400 24531 No Yes No No Yes No

Table 4 MLComp Datasets (http://mlcomp.org/)

Dataset Numeric Binary | Categorical Text Missing
(Int/Real) Values

BreastCancer

InternetAd 1634 1558 Yes Yes No No No Yes
lonosphere 351 34 Yes Yes No No No No
SeismicBumps 2584 24 Yes Yes Yes No No No
Adult 32561 108 Yes Yes Yes No No No
Census_KDD 199523 515 Yes Yes Yes No No No

Table 5 UCI Datasets (https://archive.ics.uci.edu/ml/datasets.html)



Experiment Setup

* More Datasets

Dataset Numeric Binary | Categorical Text Missing
(Int/Real) Values

Enron 57607 91397
RCV1 781265 47153 Yes No No No Yes No
YearPrediction 463715 90 Yes No No No No No

Table 6 Other Datasets

Compute Resources for running experiments
— MSR Cluster

— TLCHPCK

— MLC



Results - Leave One Out Cross Validation

* Learner = Logisitic Regression, K for KNN = 3, Number
of sweeps S = 10, Diversity Coefficient = 0.8

lonosphere SeismicBumps
maxOord . : : : : _maxAuc K : : :
e NormLogAUC ' e NormLogAUC
095 , == NormLogl-AUC || =—a NormLogl-AUC
' N/ ~—a OrderStats ~—a OrderStats
e—e SobolRandom e—e SobolRandom
0.90
] (@]
2 2
=4 =4
0.85
0.80kL L . . .
0 2 4 6 8 10 12 14 10 12 14

Sweep



Results - Leave One Out Cross Validation

CoptTest
CCSChallenge ' ' ' oaxQrd ' '
' ] ’ — maxAuc : , e—e NormLogAUC
o—e NormLogAUC 0.915¢ =—a NormlLogl-AUC 1
0.590 =—=a NormLogl-AUC || ~—4 OrderStats
&—4 OrderStats o—o
- 23 = ifandom | 010l SobolRandom ||
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0.905 8
S
S e
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AUC

Results - Leave One Out Cross Validation

 Learner = Fast Tree, K for KNN = 3, Number of
sweeps S = 10, Diversity Coefficient = 0.8

lonosphere

=—a NormLogl-AUC
&~ QOrderStats

e—e NormLogAUC

e—e SobolRandom ||

10 12 14

AUC

SeismicBumps
max]-Auc i

0.9F

0.8f

0.7F

0.6

0.5

e—e NormLogAUC
=—a NormLogl-AUC [+
&+ OrderStats

e—e SobolRandom

10 12 14




Results - Leave One Out Cross Validation
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Results — Comparison over Sweeps for
Fast Tree

SeismicBumps

lonosphere
1.00 T T T T T 1.000 T T _'
0.95 1
’ o " 0.995
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0.85F i
% e—e NormLogAUC 0 0.985F e—e NormLogAUC [
=)
; 0.80 | =—a NormLogl-AUC | < =—a NormLogl-AUC
E &~ OrderStats é 0.980 |- ~—4 OrderStats 1
5 0.75 e—e SobolRandom | E e—e SobolRandom
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0.70+ 1
0651 . e | 0.970
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"
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Results — Comparison over Sweeps for
Fast Tree

CCSChallenge
0.67 T

'.777"’ ]

0.66
9 e—e NormLogAUC
ZO 65 =—a NormLogl-AUC |
g &~—4 OrderStats
g e—e SobolRandom
= - Default
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0.63 &

0 20 40 60 80 100

Number of Sweeps



Results — Comparison over Sweeps for
Logistic Regression

SeismicBumps lonosphere
0.80 T r T T r

IJ>.

0.78

0.76 |- 1

e—e NormLogAUC
=—=a NormLogl-AUC
&~—a OrderStats

e—e NormLogAUC
=—a NormLogl-AUC

Maximum AUC
o
~
F=N

Maximum AUC
o
(e}

L

94+ ~—4 OrderStats 1
e—e SobolRandom e—e SobolRandom
- Default 0.93} - Default
0.72} _ _ " 1
-/ 0.92f
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Results — Comparison over Sweeps for
Logistic Regression

CCSChallenge

0.589

0.588 [

0.587|

0.586 -

Maximum AUC
o
w
(e0]
w

0.584
e—e NormLogAUC
0.583 =—a NormLogl-AUC ||
&~—4 OQOrderStats
0.582 e—e SobolRandom |}
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[_ 1 | 1 1 1

Number of Sweeps



Results — New Dataset

Dataset Numeric Binary [ Categorical Text Missing
(Int/Real) Values

4512 65536

Table 7 New Dataset

T T T T T

NormLogAUC 0.95 o—e NormLogAUC
NormLogl-AUC =—a NormLogl-AUC
0.97 OrderStats &~—4a QOrderStats
SobolRandom 0.90 e—e SobolRandom
0.96 .
0.85
§o.95 - §
0.80
0.94 4
0.75
0.93 .
0.70
0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14
Sweep Sweep

Logistic Regression Fast Tree



0.787
0.785
0.783
0.781
0.779
0.777
0.775

Accuracy and Number of Sweeps

e Xx-axis is number of sweeps and y-axis is AUC

* Each line corresponds to the max AUC for each sweep

for a particular value of K and diversity co-efficient

* Accuracy increases with number of sweeps

LR, dataset 6 (SeismicBumps) LR, dataset 3 (Breast-Cancer)
random: 5 sweeps 0.7029, 100 sweeps 0.7247

20 sweeps 0.996

0.9965
0.9964

ﬁ 0.9963 @~ —
“‘%Z:/F 0.9962 L ol

0

0.9961
0.996 —c/
0.9959

0.9958
20 40 60 80 100 120 0 20 10 60 80 100

random: 5 sweeps 0.9952, 10 sweeps 0.9955,

120



Incorporating Smart Sweep in AzureML

File Experiment Settings Help
D New experiment & Open |l Save | © Run | @ View Help [ Email TLC

Experiment Design | Console Output | Numerical Output

Experiment " Learners

Task | Binary Classification v | Mode | Train-Test v FastTree (Boosted Trees) Classification  ~ || Add || Paste
Selected Leamer's Settings

Dataset Fileg \\msr-armays\Scratch\msr-g 1d Learner Learner settings summary

| 20  FastTree (Boosted Trees) C Num Trees

Test Datasetgy Ml.validate_features.de-de.txt 100
Num Leaves

Instances Typeg Text Instances »

Cache Instances inMemoyg &) Min Documents I Leafs 10
Learning Rate 02

Advanced Options () Show advanced options
(®) Hide Train-Test Options

Trained Models Folderg)

Predict onlyg O

Save Model as Tetg O

Save Model as Inigy O

Save Model as Codeg O

Train Set Fractiong 1

Bootstrap roundsg 0

Validation Datasetgy

Evaluator Classg [ <Auto> ®

Azure Storage Connection Strind.

Bootstrap test setgy O

() Hide Output Options

Print Summaryg O

Debug Levelg 1

Output Folderg \\msr-arrays\Scratch\msr-g|
Save Output Summaryg 0O

Save per-Instance Resultsg [

Save PR Fileg 0
() Hide Run Options

Run mode | Run distributed on HPC cluster
Cluster nameg MLC

TLexe Pathg | c\Users\t-yakris\TLC_Smari

Working Directoryg

Job Typeg Core

HPC Usernameg t-yakris
Min Cores per Nodeg 0
Random Seedg 0

Il Thraaden

33 PM

9/30/2014



Future Directions

Create a more comprehensive past experiments
knowledge base with more datasets

Determine additional dataset features

Measure model execution time accurately and use
it for model selection

Extend to other learners

Use experimental results as prior for Bayesian
Inference and other optimization techniques

Algorithm recommendation
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