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Benchmark Setup

The many dimensions to explore

Problem Optimizer Tuning Schedule
P1 ADAM one-shot constant
P2 NAG small cosine
X X . X .
medium cosine wr
P8), LSGD ), \large , \trapez. 4
Data set Model Task Approx.
run time
P1  Artificial Noisy quadratic Minimization < Tmin
P2 MNIST VAE Generative 10 min
P3  Fashion-MNIST  Simple CNN: 2¢2d  Classification 20 min
P4  CIFAR-10 Simple CNN: 3c3d  Classification 35min
P5 Fashion-MNIST ~ VAE Generative 20 min
P6  CIFAR-100 AlI-CNN-C Classification 4'h 00 min
P7  SVHN Wide ResNet 16-4 Classification 3h 30 min
P8  Warand Peace RNN Character Prediction ~ 5h 30 min




Benchmark Setup

The many dimensions to explore
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Problem Optimizer Tuning Schedule
P1 ADAM one-shot constant
P2 NAG small cosine
X X . X .
medium cosine wr
P8), LSGD ), \large , \trapez. 4

+ One-Shot - 1Run
No tuning, uses default hyperparameters
+ Small - 25 Runs
Tuned via random search
+ Medium - 50 Runs
Tuned via random search, superset of small budget

+ Large - 75 Runs
Tuned via random search, refined search spaces
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The y dimensions to ex

Scheduled factor

Problem Optimizer Tuning Schedule
P1 ADAM one-shot constant
P2 NAG small cosine
X X . .
medium cosine wr
P8), LSGD ), \large , \trapez. 4
1.00 — -
\\ 1A : RN \.
075{ v b e I N \
\ ! \ : \\ R | SN "
0.50 i\ \ t.... AN \
R \ b >
AoV \ ! N \
0.25 A \ 1 ~
/ “' \\: N N \
0.00 - N | freead Noms
0 20 40 60 80 100 120 140
Epochs
= constant = cosine decay = = cosine warm restarts =+ trapezoidal

UNIVE T
TUBINGEN

S



Results: Out-of-the-box performance

It optimi:
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+ Orange rows
bad default hyperparameters
SGD, NAG, MOMENTUM,
AMSGRAD, ADADELTA

+ White & blue rows
good default hyperparameters
ADAM, NADAM, RADAM,
AMSBOUND, ADABOUND
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Results: Which optimizer to pick?
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Results: Which optimizer to pick?
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+ No method significantly and consistently outperforms the competition.
+ ApaM remains a viable choice that often ranks near the top.

+ Trying out different optimizers helps about as much as tuning the
parameters of one specific method.

Paper arXiv 2007 .01547
Results O https://github.com/SirRob1997/Crowded-Valley---Results

Framework DEEPOBS https://github.com/fsschneider/DeepOBS
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