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The State of Deep Learning Optimization

A crowded field of methods and hyperparameters

A huge number of optimization methods

AcceleGrad AMSBound K-BFGS/K-BFGS(L) RMSProp
ACClip AMSGrad KF-QN-CNN RMSterov
Adahlter AngularGrad KFAC SSGD
AdaBatch AmijoLS KFLR/KFRA SAdam
AdaBayes ARSG L4Adam/L4Momentum Sadam/SAMSGrad
AdaBelief ASAM LAMB SALR

AdaBlock AutoLRS LaProp SAM

AdaBound AvaGrad LARS SC-Adagrad/-RMSProp
AdaComp BAdam LHOPT SDProp
Adadelta BGAdam Lookahead SGD

Adafactor 8PGrad M-SVAG SGD-B8

AdaFix BRMSProp MADGRAD SGD-G2
AdaFom BSGD MAS SGDEM
AdaFTRL C-ADAM MEKA SGDHess
Adagrad CADA MTAdam SGDM
ADAHESSIAN Cool Momentum MVRC-1/MVRC-2 SGDR

Adai CProp Nadam SHAdagrad
Adaloss Curveball NAMSB/NAMSG Shampoo

Adam Dadam ND-Adam SignAdarm++
Adam’* DeepMemory Nero SignSGD
AdamAL DGNOpt Nesterov SKQN/S4QN
AdaMax DiffGrad Noisy Adam/Noisy K-FAC SM3

AdamBS EAdam NosAdam SMG

AdamNC EKFAC Novograd SNGM

AdaMod Eve NTSGD SoftAdam
AdamP/SGDP Expectigrad Padam SRSGD

AdamT FastAdaBelief PAGE Step-Tuned SGD
Adamw FRSGD PAL SWATS

Adamx G-AdaGrad PolyAdam SWNTS

ADAS GADAM Polyak TAdam

AdasS Gadam PowerSGD/PowerSGDM TEKFAC
AdaScale GOALS Probabilistic Polyak VAdam

AdaSGD GOLS ProbLS VR-SGD
Adashift Grad-Avg PStorm VSGD-b/vSGD-g/vSGD-
Adasart GRAPES QHAdam/QHM vSGDAd
Adathm Gravilon RAdam WNGrad
AdaX/AdaX-W Gravity Ranger YellowFin

AEGD HAdam RangerLars Yogi

ALG HyperAdam
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The How, What & Why of Deep Learning Optimization

Making neural network training more user-friendly in three steps

DeepOBS

Benchmark

Cockpit

How can we fairly compare deep learning
optimizers? DEepOBS is a Python package for
benchmarking optimizers.

What are the best deep learning optimization
methods? An extensive empirical comparison of
fifteen popular deep learning optimizers.

Why do/don’t deep learning optimizers work?
CocKPIT is a visual and statistical debugger
specifically designed for deep learning.
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The How, What & Why of Deep Learning Optimization

Making neural network training more user-friendly in three steps

How can we fairly compare deep learning
DEEDOBS optimizers? DeePOBS is a Python package for
benchmarking optimizers.




The Status Quo of Benchmarking Deep Learning Optimizers UNIVERSITAT
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Why we need an independent & standardized optimizer benchmark protocol (Schneider, Balles, et al. 2019)

Deep learning benchmarks require time Misaligned incentives

Q@ Use of rather small test problems € Own optimizer gets more attention than the
aa Use only a few test problems competition

.
~

C Repeated work & incomparable results # Potential for cherry-picking
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DEePOBS: The Deep Learning Optlmlzer Benchmark Suite NIVERSITAT

Fairer, faster & more comparable evaluations with le r (Schneider, Balles, et al. 2019)

1. Run the optimizer automatically on multiple
meaningful test problems.

2. Compare to the provided state of the art
without extra costs.

3. Plot the results & the standardized summary
evaluation.



The How, What & Why of Deep Learning Optimization

Making neural network training more user-friendly in three steps

What are the best deep learning optimization
Benchmark methods? An extensive empirical comparison of
fifteen popular deep learning optimizers.
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The Benchmarking Process

Many dimensions to explore at once

Problem
P1
P2
P8 J
Data set Model Task Metric Batch Budget Approx.
size  inepochs run time
P1  Artificial Noisy quadratic Minimization Loss 128 100 < Tmin
P2 MNIST VAE Generative Loss 64 50 10 min
P3  Fashion-MNIST  Simple CNN: 2c2d  Classification Accuracy 128 100 20 min
P4  CIFAR-10 Simple CNN: 3¢3d  Classification Accuracy 128 100 35min
P5  Fashion-MNIST  VAE Generative Loss 64 100 20 min
P6  CIFAR-100 All-CNN-C Classification Accuracy 256 350  4h00min
P7  SVHN Wide ResNet 16-4 Classification Accuracy 128 160 3h30min
P8  Warand Peace RNN Character Prediction ~ Accuracy 50 200 5h30min




The Benchmarking Process

Many dimensions to explore at once

Tuning
one-shot
small
medium
large 4

One-Shot - TRun

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



The Benchmarking Process

Many dimensions to explore at once

Schedule
constant
cosine
cosine wr
trapez.
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The Benchmarking Process

Many dimensions to explore at once

Optimizer  Problem  Tuning Schedule
ADAM P1 one-shot constant
NAG P2 small cosine
X X . .
medium cosine wr
SGD ), P8 ), \large 4 \trapez. .
1,920 Configurations

>50,000

128

fifteen optimizers, eight problems, four budgets, & four schedules

Individual Runs
includes tuning runs & runs stochastic fidelity

Settings each optimizer is tested in
eight problems, four budgets, & four schedules

(Schmidt et al.



The Benchmarking Results T“ VERSITAT

(Schmidt et al.
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The Benchmarking Results
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>an change after re-tuning but o
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MLCOMMONS

A natural extension of our benchmarking efforts

ML

Commons
Algorithms Working Group

Chairs:
= Google
Q University of Tiibingen

&b

A competition to measure neural network training
speedups due to algorithmic changes.



MLCOMMONS

Benchmarking more than just optimizers

Training Algorithm Track

» Tests training algorithms (update rules,
data selection, hyperparameter spaces,
etc.)

» Scored by “time-to-result” on multiple
tasks

» No manual workload-specific adaptation
is allowed

Model Track

» Tests models (architecture, initialization,
data augmentation, etc.)

» Scored by “time-to-result” on a single
task

» Uses standard optimizer and tuning
procedures



MLCOMMONS

Three ways to interact and contribute!

> the Working Group!

Consider contributing to the working group to improve the benchmark.

> to the Competition!
Consider submitting your novel algorithm to our competition.
> the Results!

Consider reading our (future) summary of the competition.



The How, What & Why of Deep Learning Optimization

Making neural network training more user-friendly in three steps

Cockpit

Why do/don’t deep learning optimizers work?
CocKPIT is a visual and statistical debugger
specifically designed for deep learning.
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As coding is replaced by

learning, we need to reple ur debuggers CockPIT (Schneider, Dangel, et al.
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Deep Learning Requires New Debuggers

As coding is replaced by learning, we need to replace our debuggers
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CockPIT (Schneider, Dangel, et al. 2021)

Deep
Learning
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CockPIT (Schneider, Dangel, et al. 2021)
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Loss Curves Do Not Tell the Full Story
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COCKPIT in Action! R

STEP SIZE GRADIENTS CURVATURE




Summary

Improving Optimizer Evaluation
in Deep Learning

» DEePOBS, a benchmarking suite for deep learning optimizers.

» An empirical comparison of fifteen optimization methods for
deep learning.

» CockPIT, a visual debugging tool for deep learning.

DEePOBS: pip install deepobs

Benchmark:

COCKPIT: pip install cockpit-for-pytorch



github.com/SirRob1997/Crowded-Valley---Results




DeepOBS



The DEEPOBS Stack

ating deep learni

EBERHARD

Visualization

Runtime Estimation

Baseline Results

Runners

Data Loading

ading

.tex files of learning curves for
new optimizer and the baselines.

Performance results of the most
popular optimizers.

Optimizer performance on a
specific test problem.

Losses and accuracy of a deep
learning model.

Pre-processed and batched data.
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The DEEPOBS Test Problems UNIVERSIT

TUBINGEN
ried problems with room to groy (Schneider, Balles, et al.

Data set Model Description Conv. RNN Drop BN L?
[ ] Noisy Beale Noisy version of the Beale function (Beale 1958)
® 20 Noisy Branin Noisy version of the Branin function (Branin 1972)
[ ] Noisy Rosenbrock  Noisy version of the Rosenbrock function (Rosenbrock 1960)
® Quadratic Deep 100-dimensional ill-conditioned noisy quadratic (Chaudhari et al. 2017)
[ ] Log. Regr. Logistic regression
® MNIST MLP Four layer fully connected network
® (LeCunetal. 1998) 2c2d Two conv. and two fully connected layers v
[ ] VAE Variational Autoencoder v v
® FASHION Log. Regr. Logistic regression
® MNIST MLP Four layer fully connected network
® (Xiaoetal 2017) 2c2d Two conv. and two fully connected layers v
° VAE Variational Autoencoder v v
® CIFAR10 3c3d Three conv. and three fully connected layers v v
®  (Krizhevsky et al. 2009) VGG16 Adapted version of VGG16 (Simonyan et al. 2015) v v v
[ ] VGG19 Adapted version of VGG19 v v v
[ ] 3c3d Three conv. and three fully connected layers v v
® CIFAR-100 VGG16 Adapted version of VGG16 v v v
®  (Krizhevsky et al. 2009) VGG19 Adapted version of VGG19 v v v
[ ] All-CNN-C The all convolutional net from Springenberg et al. (2015) v v v
° Wide ResNet-40-4  Wide Residual Network (Zagoruyko et al. 2016) v v 7/
® SVHN 3c3d Three conv. and three fully connected layers v v
®  (Netzeretal 2017) Wide ResNet-16-4 | Wide Residual Network v v 7/
® IMAGENET VGG16 VGG16 v v v
® (Dengetal.2009) VGG19 VGG19 v v v
[ ] Inception-v3 Inception-v3 network as described by Szegedy et al. (2016) v v v 7/
® Tolstoi CharRNN Recurrent Neural Network for character-level language modeling v v




Results Output of DEEPOBS
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showcase of DEEPOBS' capabilities (Schneider, Balles, et al.
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Results Output of DEEPOBS ENERIIS

e of DEEPOBS' capabilities (Schneider, Balles, et al

e 2L YLLK,
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jer, Balles

Test Problem SGD Momentum Adam Test Problem SGD Momentum Adam
P1 Performance P5 Performance 59.23
Quadratic Speed 70.5 F-MNIST Speed
Deep 7:3.98e-02 VAE 7:1.58e-04
Tuneability no1sge0y  7201e08 Tuneability ni30ge03 7 100e0
P2 Performance 52.93 P6 Performance
MNIST Speed CIFAR-100 Speed
VAE 7 1.58e-04 AIICNN C 7 1.00e-03
Tuneability n:39ge0s 1 251€05 Tuneability n:1.58e-01 7 3.982-03
P3 Performance 92.14 % P7 Performance 95.37 % 95.25%
F-MNIST Speed 59.1 SVHN Speed 28.3
CNN n:2.51e-04 Wide ResNet 7:1.58e-04
Tuneability 7:1.58e-01 7 2.51e:03 Tuneability n:2.51e-02 7:6.31e-04
P4 Performance 83.71% P8 Performance 61.30 % 61.23%
CIFAR-10 Speed 42.5 40.7 ToLsTol Speed 88.0
CNN n:3.98e-04 Char RNN n:2.51e-03
Tuneability 7:6.31e:02 7:3.982-04 Tuneability 7:1.58e+00 7 3.98e:02

etal.
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arXiv Mentions of Optimizers per Year

Our selected op r the most popular choices of the increasing number of methods

(a) Total mentions per year (b) Normalized mentions per year
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Results: Qut- of the-box Per UN“ﬁﬁE‘&IEQ

chmidt et al.

CIFAR-10 3c3d F-MNIST VAE CIFAR- 100 All-CNN-C

AMSBound: 1 10 -01 06 |58 00 ] 05 [{4] 03 01 03 [0 07
AMSGrad: 2 EEEEER
AdaBelief: 3
AdaBound: 4

Adadelta: 5
Adagrad: 6 [18] 09 18 13
Adam: 7 [15 06 14 10 ¥ Xl 5.0 [BE 6 0. |
LA(Mom.):
LA(RAdam): 9
Mom.: 10
NAG: 11
Nadam: 12 07 -02 06 02

G ®»E o

9 11 13 15

9 11 13 15 1

SVHN Wlde ResNet 16-4 Tolston Char RNN

One-shot

RAdam: 13 13 04 13 08
RMSProp: 14

SGD: 15 |2 9 0 12 mm. 15 18 15]

6 7 8 9101112131415 1357 9111315 1357 9111315

Small budget Performance improvement
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ut mult chmidt et al.

CIFAR-10 3c3d F-MNIST VAE CIFAR-100 All-CNN-C
AMSBound: 1 10 -01 06 [i8] 00 ] 05 [{4] 03 01 0310 07 ¢
0 AMSGrad: 2 E
» range rows AdaBelief: 3 )7 12 X 09 02 05
bad default hyperparameters Ao 4 B [
dadelta: 5

SGD, NAG, MOMENTUM, Adagrad: 6
AMSGRAD, ADADELTA Adam: 7

LA(Mom.):

135 9 11 13 15

SVHN Wide ResNet 16-4
1 1

One-shot

Mom.: 10
NAG: 11
Nadam: 12

1234567 8 9101112131415 1357 9111315 1357 9111315
Small budget Performance improvement

[ ]
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Results: Qut-of-the-box Performance UNIVERSITA

ter than tuning them chmidt

CIFAR-10 3c3d F-MNIST VAE CIFAR-100 AlI-CNN-C
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& LARAdam):
» White & blue rows Mom 10 R 5
good default hyperparameters Nadam: 12 [i] 92/ o2 5868 0§ 02 [} 0508 o
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ResuItS' Which Optimizer Should You Pick? YN RS AT

tillar nable choice | / budget without a learni : midt et @

Quadratic MNIST F-MNIST CIFAR-10 F-MNIST CIFAR-100 SVHN Tolstoi
Deep VAE 2c2d 3c3d VAE All-CNN-C Wide ResNet 16-4 Char RNN
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" 50
F 60% 62.5%
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110 o o1
50%
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N 24.5 5% 94% N
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140 | g 35% 59.5%
31.0 89.5% g 255
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Results: Effect of Tuning and Schedules UNIVERSITAT

Increasing the budget improves the performance on average with diminishing returns (Schmidt et al.
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Results: Robustness to Random Seeds UNIVERSITAT &

Single seed tuning can result in hyperparameters in an unstable “danger zone” (< (Schmidt et al.
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(Schmidt et al.

Quadratic MNIST F-MNIST CIFAR-10 E-MNIST CIFAR-100 SVHN Tolstoi
Deep VAE 2¢c2d 3c3d VAE All-CNN-CWide ResNet 16-4Char RNN

r 92.5%
P g 86% L cos - 625%
F92.0%
100 - 62.0%
r 61.5%
1109 L 29.0
80% F61.0%
120 F29.5
F 90.5% L 780 F 60.5%
F 30.0
130 ot oo [ 40% [ L6009
L 0, 0, r 29. | U7
L 30.5 007 [ 76% L 93%
140 1 , r 35% F 59.5%
b 31.0 r 89.5% r74% r25.5
AMSBOUND ADABOUND ADAM Mowm. RADAM ® RMSPROP (2)
AMSGRAD ADADELTA LA(MoM.) NAG ® RMSPRroOP SGD
ADABELIEF ADAGRAD LA(RADAM) NADAM
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(Schmidt et al.

Quadratic MNIST F-MNIST CIFAR-10 F-MNIST  CIFAR-100 SVHN Tolstoi
Deep VAE 2c2d 3c3d VAE All-CNN-CWide ResNet 16-4Char RNN
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Cockpit



0 ono . ERSITAT
List of Quantities in COoCKPIT LU
de selection to choose from and easy to extend CockPIT (Schneider, Dangel, et al.
Name Description Configuration
Loss Mini-batch training loss at current iteration, Ly economy
Distance L? distance from initialization [|8() — (||, economy
UpdateSize Update size of the current iteration |0+ — () |2 economy
GradNorm Mini-batch gradient norm ||gs(0)||2 economy
Alpha Normalized step on a noise-informed quadratic interpolation between 8(), 9(+1) economy
GradHist1d Histogram of individual gradient elements, {gg)(ej)}gﬂg P economy
NormTest Normalized fluctuations of the residual norms ||gs — g](gf) ||, proposed in Byrd et al. 2012 economy
InnerTest Normalized fluctuations ofgﬂ(@”’s parallel components along gg, proposed in Bollapragada et al. 2017 economy
OrthoTest Normalized fluctuations of g](.é)’s orthogonal components along gg, proposed in Bollapragada et al. 2017 economy
HessTrace Exact or approximate Hessian trace, Tr(H;(0)), inspired by Yao et al. 2020 business
TICDiag Relation between (diagonal) curvature and gradient noise, inspired by Thomas et al. 2020 business
HessMaxEV Maximum Hessian eigenvalue, Amax(H;5(8)), inspired by Yao et al. 2020 full
GradHist2d Histogram of weights and individual gradient elements, {(6;, 9](1;)(9/))}1,232”"[) full
Parameters Parameter values 8 at the current iteration -
Time Time of the current iteration
CABS Adaptive batch size for SGD, optimizes expected objective gain per cost, adapted from Balles et al. 2017
EarlyStopping  Evidence-based early stopping criterion for SGD, proposed in Mahsereci et al. 2017
TICTrace Relation between curvature and gradient noise trace, inspired by Thomas et al. 2020
MeanGSNR Average gradient signal-to-noise-ratio (GSNR), inspired by Liu et al. 2020




CockPIT as a Tool for Inspiring Res

Neural network training requires natically overstepping the local minima
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EBERHARD KARL

CockPIT as a Tool for Finding Data Bugs UNIVER

T
TUBINGEN
Normalized and raw data can ook the same but be differently CockPIT (Schneider, Dangel, et al.

(a) Normalized Data (b) Raw Data



CoCKPIT as a TooI for Finding Data Bugs UNIVERSITAT @

TUBINGEN
Normalized an ata ca 1e bu ifferently (Schneider, Dangel, et al.
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CockpPIT as a Tool for Finding Model Bugs UNIVER

ar
TUBINGEN
Looking at the gradients an reveal model inefficiencies CockpIT (Schneider, Dangel, et al.

Network

Gradient
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(a) Network Histogram



CockPIT as a Tool for Finding Model Bugs

Looking at the gradient an reveal model inefficiencies

Network Parameter 0 Parameter 4 Parameter 10
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(a) Network Histogram (b) Layer-wise Histograms
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CockPIT as a Tool for Finding Model Bugs

Looking at the gradient an reveal model inefficiencies

Network Parameter 0

Parameter 4

NIVERSITAT
UBINGEN
CockPIT (Schneider, Dangel, et a
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Observing Implicit Regularization with CockPIT

An effect that cannot be seen by monitoring the only the loss CockPIT (Schneider, Dangel, et al. 2
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EfﬁC|ent Implementatlon for Practlcal Overhead
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Efficient Implementation for Practical Overhead

U ERS
TUBINGEN
Combining quantities and reducing the tracking interval reduces the overhead CockPIT (Schneider, Dangel, et al.

Track Interval
4 16 64 256

o KRN |

economy | 15

business

Configuration



lllustrating the Alpha Quantity

Are we understepping or overshooting? CockPIT (Schneider, Dangel, et al.

Understepping: « < 0 Minimizing: a ~ 0 Overshooting: a > 0

1.00 \
» 075
12}
Q
~ 0.50

0.25

0.00

ot o(t+1) o) o(t+1) o) o(t+1)
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lllustrating the Gradient Tests ENERIIS

Defining geometric constraints be 1 the mini-batch and the true gradient CockPIT (Schneider, Dangel, et al.

(a) Gradient test vectors (b) Visualization in CockPIT
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