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AutoMLand Metalearning

Current deep learning practice
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AutoMLasBlackboxOptimization

d Randomsearch,
evolutionarymethods

X

reinforcement learning,

\_ Bayesian optimization

~

AN

A\

-

SN T

Blackbox

optimization

\—/

()

f(l) |




Effectivenes®f BayesiarOptimization

dSometimesBayesOpisonly twice asfastasw | Y R2 Y { S
A Butsometimesit is dramaticallyfaster
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_— hospeedup

Randomsearch

optimization =~ 20xspeedup
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Example Optimizinga deepfeedforwardnet on datasetadult, 7hyperparameters 4,



Effectivenes®f BayesiarOptimization

20x speedup
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Randomsearch

200xspeedup

Loss iuntime of optimizedsolvel)

Bayesiaroptimization
(SMAQ
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Example OptimizingCPLEX ocombinatorialauctions(Regionsl00), 76hyperparameters g
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Same Patteri©ccuran RL vs. Random Search
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Improvementof RL vstandomsearch(perplexity)
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Upto 1200functionevaluations RL nobetter than Random Search
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AutoMLsystems

6 ways to go beyond

blackboxoptimization




BenchmarkAutoMLChallenge
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A Largescale challenge run bghalLearr& CodalLab
I 17 months, 5 phases with 5 new datase&sh (20152016)
I 2 tracks: code submission&Kaggldike human track

A Code submissions: true ent-end learning necessary
I Get training data, learn model, make predictions for test dat:
I 1 hour endto-end

A 25 datasets from wide range of applicatioareas
I Alreadyfeaturized
I Inputs: features X, targets y



AutoMLSystem 1Auto-WEKA
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g [Thornton, HutterHoos LeytonrBrown, KDD 201¥otthoff @ - MLR 201¢
“¥
Meta-level ﬁ;
== i . '::;.
- Ief_;lrn_lng_& —> | WEKA | %3
SN S optlmlzatlon
v A |

Avallablean WEKAackagananager © 400 downloadgweek

I Parameterize ML framework: WEKW®itten et al, 1999current]

A 27 base classifiers (with up to h§perparametersach)
A 2 ensemblemethods; in total: 78&yperparameters

I OptimizeCVperformanceby Bayesian optimization (SMAC)
1 A\ Only evaluate more folds for good configurations

@ I 5x speedups for Hbld CV . = Z m,
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AutoML Systen: Auto-sklearn
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[Feurer Klein,EggenspergespringenbergBlum,Hutter; NIPS 2015

Meta-level Scikit
learning & | —>
~—— —> Arming learn
- optimization
N’ A \

k
A Optimize CV performance by SMA(. =) m
1=1

9 Meta-learningto warmstartBayesiaroptimization
A Reasoning over different datasets
A Dramatically speeds up treearch (2 days 1 hour)

f Automatedposthocensemble construction
3 _ to combine the model8ayesian optimizatioavaluated
@ A Efficiently reuses its data; improves robustness
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4 Auto-sklearn Ready for Prime Time

3 A Winning approach in thAutoMLchallenge

i Auto-track: overall winner, # place in 3 phases?" pgIain 1
A Close competitor: variant of automatic statisticifiioyd et al]

I Final two rounds: won both tracks

https://github.com/automl/auto-sklearn

o ®© Watch 121 % Star 1,638 ¥ Fork 298
A Trivial to use:

import autosklearn.classification as cls
automl = cls.AutoSklearnClassifier()
automl.fit(X train, y_train)

y _hat = automl.predict(X test)
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AutoMLSystem 3: AutdNet
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Deep
neural net

Meta-level
learning &
~ »
- optimization
v T

k
A CV performance optimized by SI\/IA(. =) m
1=1

A Joint optimization of:
I Network architecture
I Hyperparameters




Auto-Netin AutoMLChallenge

[Mendoza, Klein, Feurer, Springenberg & Hutter, AutoML 2016]

A Featurizeddata- fully-connectednetwork
I Up to 5 layers (with 3 layer hyperparameters each)
I 14 network hyperparametersn total 29 hyperparameters
I Optimized for 18h on 5GPUs
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A Auto-Netwon several datasets against human experts

I E.g., Alexis data set:

A 54491data points,
5000features, 18 classes
I First automated deep learning "
system to win a ML competition™..,
data setagainsthuman experts

AutoNet

0.8+

0.2¢

0.0
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UsingCheapApproximationsof the Blackbox
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~

Reasonin@crosssubsetsof the data
I Upto 1000xspeedupsKliein et alAISTATS 2017] B

Log Validation error at s,,..

Log Validation error at 35

log(C)
109(©)

— Iog(g) —

" Reasoning across

5@ training epochs
[Swerskyet al, arXiv2014]
[Domahnet al, IJCAI 2015]
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Hyperband &Successivelalving

A Successivelalving/Jamiesor& Talwalkay AISTATS 2015]
I Run N (many) configurationdor a smallbudgetB

I Iteratively:.
Selectbesthalf of configurationsand doubletheir budget
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A HyperbandLi et al, ICLR 2017

| CallsSuccessivelalvingterativelywith
different tradeoffsof N andB
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Hyperband vs. Random Search
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BayesiarOptimizationvs. Random Search
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10~ no speedup(1x)
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10x speedup
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wall clock time [

Biggestdvantage muchimprovedfinal performance

Auto-Net ondatasetadult
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CombiningBayesiarOptimization& Hyperband
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g [Falkner, Klein & Hutter, BayesOpt 2017]
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Bestof both worlds. stronganytime andfinal performance

Auto-Net ondatasetadult
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AlmostLinearSpeedup®yParallelization
[Falkner, Klein & Hutter, BayesOpt 2017]
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8 parallelworkers
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Auto-Net ondatasetadult
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Tuning CNNs on a Budget: CHHAR

[Falkner, Klein & Hutter, BayesOpt 2017]
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A Six desigmlecisions
I Depth wideningfactor
I Learning ratebatchsize weightdecay momentum

A Maximumbudgetper CNNun: 2 hourson a Titan X
I Ran BGHBfor 12 hourson 10 GPUs
I Result 4%test error

A Maximumbudgetper CNNun: 3hourson a Titan X
I Ran BGHBfor 12hourson 10GPUs
I Result 3.5%test error
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ApplyNetMorphs
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modelpes;
perf. = 82%

Networkmorphisms
[Chen et al, 2015;
Wei et al, 2016;

Cai et al, 2017]
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SGDRtrain
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perf. =90%
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model,,, .
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Cosineannealing
[Loshchilov & Hutter, 2017]
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¥2U3pout  appdn

NeuralArchitectureSearch on a Budget
[Elsken, Metzen & Hutter, MetaLearn 2017]

Online Adaptatiorof Architecture& Hyperparams

(0“5
W
poP

ApplyNetMorphs

Result architecturesearchin 12hourson 1 GP5.7% on CIFAR
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Conclusion

A Bayesiaroptimization enablesrue end-to-end learning
I Auto-WEKA, Auteklearn& Auto-Net

UNI
FREIBURG

Meta-level ] -
. earning
learning & | —>
~— —=> . g. box
N optimization

A Large speedups by going beydsidckboxoptimization
I Learning across datasets

i Learning across data subsets & epochs

I Combination oHyperbandand Bayesian optimization

i Online adaptation of architectures Byperparameters

A Links to codehttp://automl.org
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http://ml4aad.org/
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