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AutoMLand Meta-Learning

Current deep learning practice
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AutoMLasBlackbox Optimization
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Blackbox 
optimization

Random search, 
evolutionary methods, 
reinforcement learning, 

Χ
Bayesian optimization
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Effectivenessof BayesianOptimization

Random search

Bayesian
optimization 20x speedup

no speedup

Example: Optimizinga deepfeedforwardnet on datasetadult, 7 hyperparameters

άSometimes, BayesOptisonly twice asfast aswŀƴŘƻƳ {ŜŀǊŎƘά
Å But sometimesit isdramaticallyfaster
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Effectivenessof BayesianOptimization

Example: OptimizingCPLEX on combinatorialauctions(Regions100), 76 hyperparameters

Random search

Bayesianoptimization
(SMAC)

20x speedup

200x speedup
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Same Pattern Occursin RL vs. Random Search

FiguretakenfromαNeuralArchitectureSearch bywŜƛƴŦƻǊŎŜƳŜƴǘ [ŜŀǊƴƛƴƎάΣ Zoph& Le

Upto 1200 functionevaluations: RL not better than Random Search
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Larger budgets: 
greaterimprovements
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AutoMLasBlackbox Optimization
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Blackbox 
optimization

Random search, 
evolutionary methods, 
reinforcement learning, 

Χ
Bayesian optimization Too slow for big data
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ways to go beyond
blackboxoptimization

AutoMLsystems



ÅLarge-scale challenge run by ChaLearn& CodaLab

ï17 months, 5 phases with 5 new datasets each (2015-2016)

ï2 tracks: code submissions / Kaggle-like human track 

ÅCode submissions: true end-to-end learning necessary

ïGet training data, learn model, make predictions for test data

ï1 hour end-to-end

Å25 datasets from wide range of application areas

ïAlready featurized

ïInputs: features X, targets y
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Benchmark: AutoMLChallenge



ïParameterize ML framework: WEKA[Witten et al, 1999-current]

Å27 base classifiers (with up to 10 hyperparameterseach)

Å2 ensemble methods; in total: 786 hyperparameters

ïOptimize CV performance by Bayesian optimization (SMAC)
ÅOnly evaluate more folds for good configurations

ï5x speedups for 10-fold CV
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AutoMLSystem 1: Auto-WEKA 

Meta-level 
learning &

optimization
WEKA

[Thornton, Hutter, Hoos, Leyton-Brown, KDD 2013; Kotthoff et al, JMLR 2016]

Availablein WEKA packagemanager; º400 downloads/week



ÅOptimize CV performance by SMAC 

ïMeta-learningto warmstartBayesian optimization
ÅReasoning over different datasets

ÅDramatically speeds up the search (2 days ­ 1 hour)

ïAutomated posthocensemble construction 
to combine the models Bayesian optimization evaluated
ÅEfficiently re-uses its data; improves robustness

11

AutoMLSystem 2: Auto-sklearn

Meta-level 
learning &

optimization

Scikit-
learn

[Feurer, Klein, Eggensperger, Springenberg, Blum, Hutter; NIPS 2015]



ÅWinning approach in the AutoMLchallenge
ïAuto-track: overall winner, 1st place in 3 phases, 2nd place in 1
ÅClose competitor: variant of automatic statistician [Lloyd et al]

ïHuman track: always in top-3 vs. 150 teams of human experts

ïFinal two rounds: won both tracks

ÅTrivial to use:
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Auto-sklearn: Ready for Prime Time

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



ÅCV performance optimized by SMAC

ÅJoint optimization of:

ïNetwork architecture

ïHyperparameters
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AutoMLSystem 3: Auto-Net

Meta-level 
learning &

optimization

Deep 
neural net



ÅFeaturizeddata ­ fully-connected network

ïUp to 5 layers (with 3 layer hyperparameters each)

ï14 network hyperparameters, in total 29 hyperparameters

ïOptimized for 18h on 5GPUs

ÅAuto-Net won several datasets against human experts

ïE.g., Alexis data set: 
Å54491 data points, 

5000 features, 18 classes 

ïFirst automated deep learning 
system to win a ML competition 
data set against human experts 
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Auto-Net in AutoMLChallenge
[Mendoza, Klein, Feurer, Springenberg & Hutter, AutoML 2016]



ÅReasoningacrosssubsetsof the data

ïUpto 1000x speedups[Klein et al, AISTATS 2017]

ÅReasoning across 
training epochs
[Swerskyet al, arXiv2014]
[Domahnet al, IJCAI 2015]
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UsingCheapApproximationsof the Blackbox
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ÅSuccessiveHalving[Jamieson& Talwalkar, AISTATS 2015]

ïRun N (=many) configurationsfor a smallbudgetB

ïIteratively:
Select besthalf of configurationsanddouble their budget

ÅHyperband [Li et al, ICLR 2017]

ïCalls SuccessiveHalvingiterativelywith
different tradeoffsof N andB
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Hyperband & SuccessiveHalving
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Hyperband vs. Random Search

Biggestadvantage: muchimprovedanytime performance

20x speedup

3x speedup

Auto-Net on datasetadult
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BayesianOptimizationvs. Random Search

Biggestadvantage: muchimprovedfinal performance

no speedup(1x)

10x speedup

Auto-Net on datasetadult
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CombiningBayesianOptimization& Hyperband

Best of both worlds: strong anytime and final performance

[Falkner, Klein & Hutter, BayesOpt 2017]

20x speedup

50x speedup

Auto-Net on datasetadult
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AlmostLinear SpeedupsByParallelization
[Falkner, Klein & Hutter, BayesOpt 2017]

8 parallel workers

7.5x speedup

Auto-Net on datasetadult



ÅSix design decisions

ïDepth, wideningfactor

ïLearning rate, batchsize, weightdecay, momentum

ÅMaximum budgetper CNN run: 2 hourson a Titan X

ïRan BO-HB for 12 hourson 10 GPUs

ïResult: 4% test error

ÅMaximum budgetper CNN run: 3 hourson a Titan X

ïRan BO-HB for 12 hourson 10 GPUs

ïResult: 3.5% test error
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Tuning CNNs on a Budget: CIFAR-10
[Falkner, Klein & Hutter, BayesOpt 2017]
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NeuralArchitectureSearch on a Budget
[Elsken, Metzen & Hutter, MetaLearn 2017]

Result: architecturesearchin 12 hourson 1 GPU: 5.7% on CIFAR-10

Online Adaptation of Architecture& Hyperparams

Network morphisms
[Chen et al, 2015;

Wei et al, 2016; 

Cai et al, 2017] Cosineannealing
[Loshchilov & Hutter, 2017]



ÅBayesian optimization enables true end-to-end learning
ïAuto-WEKA, Auto-sklearn& Auto-Net

ÅLarge speedups by going beyond blackboxoptimization
ïLearning across datasets

ïLearning across data subsets & epochs

ïCombination of Hyperbandand Bayesian optimization

ïOnline adaptation of architectures & hyperparameters

ÅLinks to code: http://automl.org
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Conclusion

http://ml4aad.org/
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